CHALMERS

UNIVERSITY OF TECHNOLOGY

Image-Based Analysis and Estimation of
Welding Features for Adaptive Control

Master’s thesis in Systems, Control and Mechatronics

Samuel Ollila, Dharunkumar Senthilkumar

DEPARTMENT OF ELECTRICAL ENGINEERING

CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2026
www.chalmers.se



www.chalmers.se




MASTER’S THESIS 2026

Image-Based Analysis and Estimation of Welding
Features for Adaptive Control

Samuel Ollila, Dharunkumar Senthilkumar

CHALMERS

UNIVERSITY OF TECHNOLOGY

Department of Electrical Engineering
CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2026



Image-Based Analysis and Estimation of Welding Features for Adaptive Control
Samuel Ollila, Dharunkumar Senthilkumar

© Samuel Ollila, Dharunkumar Senthilkumar, 2026.

Supervisor: Willem de Wilde, ESAB
Examiner: Petter Falkman, Department of Electrical Engineering

Master’s Thesis 2026

Department of Electrical Engineering
Chalmers University of Technology
SE-412 96 Gothenburg

Telephone +46 31 772 1000

Cover: Frame in slow-motion video of back-lit welding process with visible wire,
weld pool, and plasma channel.

Typeset in BKTEX
Printed by Chalmers Reproservice

Gothenburg, Sweden 2026

v



Image-Based Analysis and Estimation of Welding Features for Adaptive Control
Samuel Ollila, Dharunkumar Senthilkumar

Department of Electrical Engineering

Chalmers University of Technology

Abstract

Real-time monitoring and control of Pulsed Gas Metal Arc Welding (GMAW-P) is
important for maintaining process stability and weld quality. This thesis investi-
gates whether image-derived welding features can be used to support data-driven
estimation of the physical state of the welding process. High-speed imaging was used
to quantify geometric process features, which were then synchronized with electri-
cal measurements to create a dataset for training and evaluating soft-sensing models.

Features related to arc behavior, droplet motion, weld pool position, and wire ge-
ometry were extracted from high-speed video. Two imaging configurations were
evaluated: laser-lit and back-lit imaging. Laser illumination improved the visibility
of fine structures but introduced strong reflections and artifacts that reduced feature
extraction reliability. In contrast, back-lit imaging produced high-contrast silhou-
ettes with cleaner object boundaries, making it more suitable for robust geometric
feature extraction.

A computer vision pipeline was used to extract geometric features, including wire
edges, contact tip, wire tip, and weld pool position. Additionally, droplets and spat-
ters were detected and tracked using blob detection and simple motion rules. These
image-based features were then synchronized with electrical signals and process pa-
rameters to build a time-series dataset.

Several statistical, machine learning, and deep learning models were evaluated for
predicting image-derived features from electrical inputs, primarily voltage, current,
and wire feed speed, along with additional engineered features.

Overall, the results show that electrical signals contain information related to key ge-
ometric welding features, but the estimation accuracy remains limited. The models
generally capture the cyclic patterns and overall trends in the signals, but struggle
with amplitude variations between sequences. The results support the feasibility
of soft sensing for GMAW-P monitoring, but not yet the accuracy and robustness
necessary for reliable adaptive control.

Keywords: Computer Vision, State Estimation, Soft-Sensing, Welding, Time-series.
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1

Introduction

1.1 Background

Welding is a manufacturing process in which two or more components are perma-
nently joined using heat, pressure, or both, often with filler material to enhance
fusion and joint strength. Welding methods differ in heat source, heat input, and
material transfer mechanisms, which strongly influence process dynamics and weld
quality [1].

In arc welding, an electric arc is established between an electrode and the base
material to create localized melting. In most arc welding processes, the filler ma-
terial is used as the electrode, which melts in the process and becomes a part of
the welded metal. Shielding, typically provided by a gas mixture or flux, is used
to protect the molten metal and optimize heat and metal transfer characteristics [2].

A widely used form of arc welding is Gas Metal Arc Welding (GMAW). In GMAW
a consumable filler wire is continuously fed through a welding torch and used as the
electrode, while shielding gas is supplied through the nozzle. The electric arc melts
both the electrode and the base material, forming a weld pool of molten metal.
The shielding gas protects the molten metal from contamination, thereby improving
weld quality [3]. A schematic of a GMAW process, specifically the Metal Inert Gas
(MIG) and Metal Active Gas (MAG), is shown in Figure 1.1.

Pulsed Gas Metal Arc Welding (GMAW-P) is a form of GMAW where the arc is con-
trolled using current pulses, which allows for improved control of the metal transfer
and weld pool. It is widely used in safety-critical industrial sectors, including auto-
motive manufacturing, construction, and aerospace, where consistent weld quality
is essential, as defects may compromise structural integrity [4].

Despite the widespread use of GMAW-P, monitoring and control of the process
remain challenging due to many interacting parameters and coupled thermal, elec-
trical, and electromagnetic phenomena. Many process variables related to weld
quality, such as droplet formation, arc geometry, and weld pool behavior, cannot
be measured directly during operation. Instead, process monitoring primarily relies
on indirect measurements such as voltage and current signals, which only partially
reflect the underlying physical process states.
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This limited observability motivates the use of data-driven approaches for process
monitoring and state estimation in welding processes. High-speed imaging enables
direct observation of arc behavior, droplet transfer, and geometric relationships
between key welding features such as the wire tip, solid-molten transition point,
weld pool, and plasma attachment. By extracting these geometric welding features
from synchronized high-speed image sequences, datasets can be constructed linking
image-derived geometric measurements with electrical process signals. By combin-
ing synchronized high-speed imaging, computer vision, and learning-based methods,
this thesis investigates whether key geometric welding features can be estimated from
electrical signals without relying on explicit physical process models.

In the long term, the industrial objective is to enable automatic real-time control
of physical geometric process states, such as arc length, rather than relying primar-
ily on indirect electrical indicators. In current practice, electrical process signals
are commonly used to infer information about the underlying welding process, but
their relation to physical quantities such as arc length depends on factors such as
welding geometry and contact-tip-to-workpiece distance (CTWD). As a result, dif-
ferent process conditions may correspond to different electrical signal levels, meaning
that monitoring and control strategies must balance responsiveness with robustness
during the different phases of the pulse. This thesis contributes to this long-term
objective by investigating whether image-derived geometric welding features can be
estimated from electrical process signals, thereby providing a potential basis for
more direct monitoring and future feedback control of the GMAW-P process.

Machine-fed
Wire Rod

Gas
Supply

Contact Tube
"= Gas Nozzle

, Are
Molten weld pool / Shielding Gas
Ay
Base Metal

Electrode Cable

Ground Cable

Power Source

Figure 1.1: Schematic of the MIG/MAG welding process. Adapted from [5].
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1.2 Purpose

The purpose of this master’s thesis is to investigate whether geometric welding
features in GMAW-P can be estimated from measured electrical process signals
and static process context. The work aims to evaluate the feasibility of using such
estimates as a basis for improved process monitoring and future feedback control of
physical welding process states.

1.3 Objectives
The main objectives of this project are:

1. To develop computer vision methods for extracting selected image-derived geo-
metric welding features from high-speed GMAW-P video data, and to evaluate
their suitability as reference measurements for process-state estimation.

2. To construct a synchronized dataset by aligning selected image-derived geo-
metric features with voltage, current, and relevant process parameters.

3. To develop and evaluate supervised learning models that estimate selected
image-derived welding features from electrical process signals and static pro-
cess context, and to compare their performance across different model classes.

In addition to the main estimation pipeline, the thesis also investigates droplet and
spatter detection and tracking as a supplementary image-analysis task.

1.4 Limitations

This thesis is limited to the GMAW-P process for a specific base material, 304L
stainless steel, shielding gas composition, M12 (Ar + 2% CO,), and filler wire,
308LS, selected by ESAB. The scope was further constrained by the equipment and
time available for data acquisition. As a result, the dataset only includes selected
process configurations, captured using two welding machines and two high-speed
imaging configurations: laser-lit and back-lit imaging.

The estimation models are limited to data from the back-lit imaging configura-
tion, since this setup provided more reliable image-based feature extraction. Conse-
quently, the model evaluation is limited to the investigated material, shielding gas,
machine settings, and imaging conditions, and the results should not be interpreted
as generally valid for all GMAW-P processes.

The work is further limited to offline evaluation of the proposed estimation ap-
proach. Real-time implementation, computational constraints, closed-loop control
performance, and integration with an industrial controller were outside the scope of
the thesis. The estimated targets are also based on image-derived reference mea-
surements, meaning that uncertainties in the computer vision pipeline may affect
both model training and evaluation.
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Theory

2.1 Welding Process and Arc Physics

A metal transfer mode in GMAW describes how molten metal is transferred from the
wire electrode to the weld pool, and is primarily influenced by the welding current.
At low currents, metal transfer commonly occurs through repeated short-circuiting
between the wire and the weld pool. As the current increases, larger droplets may
detach more irregularly, while spray transfer occurs above a critical current level,
where electromagnetic forces become the dominant detachment mechanism. These
transfer modes differ mainly in heat input, spatter formation, droplet size, and trans-
fer stability [6].

GMAW-P is a GMAW process where droplet detachment is controlled by adjusting
the current waveform, which alternates between high current peaks that form and
detach a droplet and a lower base current reducing the average current. The peak
current and its duration define the size of the electromagnetic pinch force which
detaches the droplet and accelerates it to the weld pool. If the pinch forces are
excessive it may cause spatter due to the droplet impacting the weld pool with
such force causing a splash, or the detachment could become violent causing the
droplet to fragment into smaller particles [7]. An excessively long peak duration
may also cause secondary droplets to detach following the primary droplet, leading
to unstable transfer, excessive heat input, and increased spatter. Conversely, a too
short peak duration may result in pulses where no droplet is detached, allowing
the droplet to grow larger while attached to the wire, which can disrupt transfer
stability [8]. Proper control of the current waveform and amplitude enable stable
transfer and precise control of the droplet detachment. This additional control of
the process results in improved arc stability, reduced spatter, and improved weld
quality compared to conventional GMAW [9].

The welding arc in GMAW-P is governed by interactions between electrical, ther-
mal, and electromagnetic phenomena that influence arc geometry, metal transfer
behavior, and weld pool dynamics. Process parameters such as current, voltage and
shielding gas composition affect observable arc characteristics, including arc length,
arc width, droplet size, and spatter formation, which are closely related to weld
quality and process stability.

Arc stability refers to the ability of the welding arc to maintain a consistent geometry



2. Theory

and energy distribution during the welding process. A stable arc promotes uniform
metal transfer, reduced spatter, consistent droplet formation and repeatable weld
bead geometry. In contrast, arc instability can lead to irregular droplet detachment,
excessive spatter and inconsistent penetration and bead geometry [10].

The arc geometry describes the shape and spatial distribution of the plasma column
between the electrode and the workpiece. In GMAW-P, the arc typically exhibits
a constricted plasma channel near the wire tip that expands into a bell-shaped
profile toward the weld surface. The geometry results from the balance between
electromagnetic pinch forces, plasma pressure, and thermal expansion of the ionized
shielding gas. A constricted arc column produces higher current density and a con-
centrated heat source, which generally leads to deeper penetration and more stable
droplet transfer. In contrast, a wider and more diffuse arc distributes heat over
a larger area, reducing penetration and may contribute to less controlled droplet
detachment leading to increased spatter [11].

Several process parameters influence the arc geometry and stability in GMAW-P.
The current level and current waveform directly control arc energy, electromagnetic
forces, and metal transfer behavior. Higher currents increase electromagnetic con-
striction and arc stiffness, often producing a smaller arc column leading to deeper
penetration. Lower currents generate a cooler and less forceful arc, which may
reduce penetration and make droplet transfer less stable. The pulsed current wave-
form is especially important in GMAW-P, since the peak current promotes droplet
detachment while the background current maintains the arc between pulses.

Voltage is closely related to arc length and heat distribution. A higher voltage in-
creases arc length, allowing the plasma column to expand and spread the heat over
a larger area. This results in a broader arc profile and reduced heat concentration.
A lower voltage shortens the arc and concentrates the heat input, but if the arc
becomes too short, it may disturb the metal transfer and increase the risk of insta-
bility. Therefore, maintaining a suitable and consistent arc length is essential. A
short, well-controlled arc promotes stable metal transfer, while excessive arc length
can cause arc wandering and unstable droplet detachment due to reduced electro-
magnetic confinement.

Shielding gas composition also affects arc shape and stability. Argon-rich shielding
gases generally promote a narrower and more stable plasma column, while changes in
active gas content influence ionization behavior, heat transfer, and weld pool fluid-
ity. Wire feed speed and travel speed further affect arc behavior and bead geometry.
Increasing the wire feed speed raises the deposition rate and usually requires a cor-
responding increase in current to maintain stable transfer. Travel speed determines
the heat input per unit length; a lower travel speed increases heat input and can
produce wider and deeper beads, whereas a higher travel speed reduces heat input
and may lead to insufficient penetration or unstable bead formation [12].

Contact Tip-to-Work Distance (CTWD) is another important process parameter

6



2. Theory

that influences arc behavior and metal transfer characteristics. CTWD represents
the distance between the contact tip and the workpiece surface and determines the
electrical extension of the wire electrode before it enters the arc region. Increas-
ing CTWD increases the electrode extension length, resulting in greater resistive
heating of the wire before melting. This can reduce the current delivered to the
arc for a constant wire feed speed, leading to changes in arc length, penetration
depth, and droplet transfer behavior. Conversely, a shorter CTWD generally in-
creases current density and heat concentration, promoting deeper penetration and a
more concentrated arc. Variations in CTWD can therefore affect arc stability, weld
pool behavior, and the consistency of metal transfer. Maintaining a stable CTWD
is important for achieving repeatable process conditions and consistent weld quality
[13].

The power input, which is closely related to the average current and arc voltage,
directly affects the heat input delivered to the workpiece. Heat input plays a crit-
ical role in determining the weld quality since insufficient heat input may lead to
incomplete fusion and lack of penetration, whereas excessive heat input can result
in reduced joint strength [14]. In GMAW-P, the heat input is not only determined
by the electrical parameters, but also by process dynamics such as travel speed,
arc efficiency, metal transfer behavior and material properties. However, welding
current and arc voltage are considered the parameters with the greatest influence
on heat input. [15].

Shielding gas composition also affects the arc by influencing arc conductivity, ion-
ization potential, plasma temperature and heat distribution. Both inert and active
gases can be used in GMAW-P, either individually or as mixtures, and the choice
of gas type and gas flow significantly influences arc stability, metal transfer behav-
ior and heat input [3, 16]. Argon-rich mixtures generally promote a stable and
constricted arc due to its low ionization potential, which supports smooth droplet
transfer and reduced spatter, Additions of active gases, such as carbon dioxide or
oxygen, can improve arc stiffness, weld pool wetting and penetration. However,
excessive active gas content may lead to a more turbulent arc and increase spatter,
reducing overall process stability.

Other contributing factors include wire feed stability and shielding gas flow. Vari-
ations in wire feeding can disturb the current transfer and droplet formation. Im-
proper shielding gas flow can also disturb the plasma and reduce arc stability. By
coordinating these parameters, the shape, intensity, and stability of the arc can be
controlled to achieve consistent droplet transfer, reduced spatter, suitable penetra-
tion, and improved weld quality [17].

2.2 Welding Monitoring

To address adaptive control of GMAW-P processes, prior research has focused on
time-series data analysis, image-based monitoring, and the integration of electrical
signals and imaging. Voltage and current signals are particularly important, as their

7
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fluctuations are closely correlated with process stability and weld quality. The pri-
mary reason for this focus is that voltage and current are among the most readily
available process signals that can be measured continuously during welding without
directly interfering with the process. Techniques such as Empirical Mode Decompo-
sition (EMD) and its variants have been widely applied to analyze non-stationary
welding signals, demonstrating strong correlation to metal transfer modes and pen-
etration depth [18]. Additionally, changes in arc voltage during the peak current
period can be used to estimate weld pool surface characteristics and penetration
depth [19]. High-speed data acquisition systems record these signals in real time,
providing insights into arc stability and metal transfer modes [20].

2.3 Imaging Techniques

Image-based analysis complements electrical signal monitoring by providing direct
observations of welding process characteristics such as droplet transfer, arc behav-
ior, plasma geometry, and weld pool dynamics. High-speed imaging techniques are
commonly used for this purpose, although direct observation is challenging due to
the intense radiation emitted by the welding arc. Various illumination and optical
filtering techniques are therefore employed to suppress arc brightness and enhance
visibility of specific process regions [21].

Back-lit imaging uses an external light source, typically a high-intensity LED, po-
sitioned behind the welding region relative to the camera. The illumination creates
a high-contrast silhouette of the electrode wire, droplets, and weld pool boundaries,
enabling accurate extraction of geometric features such as wire contour, droplet size,
and metal transfer behavior. Since the imaging relies on object silhouettes rather
than emitted light intensity, back-lit imaging is particularly effective for detecting
object boundaries and tracking dynamic features. A visualization of back-lit imaging
is shown in Figure 2.1.

Camera

Backlight
(Light Source)

Object

Figure 2.1: Overall visualization of the back-lit imaging process. (Al Generated)

Laser-lit imaging uses coherent laser illumination together with narrow-band optical
filters centered around the laser wavelength. The narrow spectral bandwidth allows
most of the broadband arc radiation to be rejected while preserving reflected laser
light. This approach enables visualization of process regions that are otherwise

8
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obscured by arc intensity and can provide improved visibility of plasma structures,
arc contours, and weld pool behavior [22]. A visualization of laser-lit imaging is
shown in Figure 2.2.

Camera

Laser

//" Reflected
/ laser light

Figure 2.2: Overall visualization of the laser-lit imaging process. (Al Generated)

Temporal filtering methods, including pulsed illumination and synchronized camera
exposure, can further suppress arc radiation and improve image quality. Depending
on the welding process and observed phenomena, high-speed cameras typically op-
erate at frame rates ranging from several hundred to more than 200,000 frames per
second.

2.4 Feature Extraction from Welding Images

To extract geometric features from images, classical image processing techniques
such as contour detection, connected component analysis, Sobel operators, K-means
clustering, and Otsu thresholding have been applied [23]. Median filtering is com-
monly applied to reduce noise or suppress spatter. Advanced methods, like the
improved Canny algorithm and the fast marching method, enhance edge detection
and arc shape extraction [24, 25].

Detecting extremely thin linear structures, such as welding wires, can be achieved
using edge detection combined with the Hough Transform [26]. Detecting thin
welding wires begins with edge extraction using the Canny operator. Image gradients
are computed as

M(z,y) = /G2 + G2

where G, and G, represent horizontal and vertical intensity gradients. Pixels with
large gradient magnitude are retained as edge pixels.

The detected edge points are subsequently transformed into Hough parameter space
using

p=u1xcosf+ysind
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Multiple edge points belonging to the same wire accumulate votes at similar (p, )
values, allowing the thin welding wire to be extracted as a dominant line feature.
Edge pixels mapped into parameter space allow reliable extraction of linear features
even in noisy environments. Similar approaches enable robust detection of welding
wires as dominant line structures.

2.4.1 Arc Characteristics

The detection of plasma arcs typically relies on exploiting their high-intensity and
structured appearance [27]. Gradient-based methods highlight regions where inten-
sity changes sharply, indicating edges or boundaries. High-gradient regions often
correspond to plasma boundaries. Logarithmic intensity transformation

Liog = log(I +1)

compresses high intensities while expanding low intensities, enhancing subtle struc-
tures in darker regions. Connected regions or contours can then be extracted to
identify candidate arcs. Connected component analysis operates on a binarized
image B(x,y) obtained via thresholding:

1, I(z,y)>T

0, otherwise

B(z,y) :{

Spatially connected foreground pixels are grouped into labeled components using 4-
or 8-neighborhood connectivity. Each component C; represents a spatially coherent
region corresponding to a arc or plasma candidate.

For each component, basic descriptors are computed as:

A= > 1, (xzayz>:<jz$7jzy>
(z,y)€C; ¢ v
Shape and positional constraints, such as convexity, aspect ratio, or proximity to
regions of interest, help filter spurious detections. For arcs with linear or smooth
curvatures, ridge detection, polyline fitting, or Hough transforms can model their
path and extract geometric properties such as length, curvature, or centroid.

Temporal median filtering [28] smooths out transient noise in time-series image
sequences, preserving edges while mitigating outliers:

y; = median(x; g, ..., T, ..., Titk)

Similar challenges arise in astrophysical imaging, where faint plasma structures are
embedded in images with large intensity variations. Gradient-based edge detection
and logarithmic intensity scaling reveal subtle plasma boundaries, while ridge de-
tection and contour-based techniques trace filamentary plasma structures. These
methods inspire robust approaches for characterizing welding arcs in noisy, high
dynamic range images.

10
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2.5 Droplet and Spatter Detection and Tracking

Connected component analysis and blob detection [29] form a common basis for
droplet and spatter analysis in welding imagery. These methods detect spatially
coherent pixel groups based on intensity and size constraints. Each detected blob
represents a candidate physical event such as droplet transfer or spatter ejection [30,
31]. Blob detection refines this by having shape consistency. A common measure is
circularity:

4T A
C:E

where A is the region area and P its perimeter. This enables separation of compact
droplet-like blobs from irregular spatter regions.

Geometric constraints are used to reduce false detections. Area thresholds remove
noise and plasma artifacts. Circularity constraints separate stable droplets from
irregular arc emissions. ROI masking isolates the weld pool region and separates
central transfer events from peripheral spatter. These constraints improve robust-
ness under varying illumination and arc conditions

Extensions of these methods include fuzzy clustering and fuzzy C-means segmen-
tation. These approaches handle ambiguity in pixel assignment and improve sep-
aration of overlapping structures. Hybrid vision pipelines combine segmentation,
edge detection, and clustering to improve feature extraction quality for spatter and
droplet statistics [23].

Temporal tracking extends spatial detection into motion analysis. Detected blobs
are linked across frames to estimate trajectories, velocity, and transfer frequency.
Kalman filtering [32] remains a standard approach due to computational efficiency
and robustness under measurement noise.

Temporal tracking is formulated as a recursive state estimation problem under un-
certainty. The object state is modeled as a linear dynamical system:

where x® is the hidden state vector, z® is the measurement, and w®, v(*) represent
process and measurement noise, assumed to be zero-mean Gaussian with covariances

Q and R.
For droplet and spatter tracking, the state typically encodes position and velocity:

x® = [z 4O o® o0 T

T Y

The Kalman filter recursively performs two steps. The prediction step:

11
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LH=1) _ pglt=1t-1)

P(t|t—1) _ FP(t—1|t—1)FT + Q

and the update step:

K(t) — P(t|t—1)HT (HP(t\t—l)HT + R)—l
R0 = 0D | KO (50— Hglth-D)

P — (I _ K(t)H) pit-1

Under Gaussian assumptions, the optimal recursive estimator is given by the Kalman
filter [32], which minimizes the posterior estimation error covariance.

Data association methods such as nearest-neighbor matching and gating stabilize
identity tracking under partial occlusion. Data association between detections and
tracks is formulated as an assignment problem. A common cost metric is Euclidean
distance:

DEN(:
dij = HZE) - Zg' )”2

Assignments are constrained using a gating function:

dij S dgate

to reject physically inconsistent matches under motion constraints and occlusion.

Modern multi-object tracking frameworks extend this formulation by jointly opti-
mizing detection confidence and temporal consistency. This can be expressed as:

arg max Z Sij
(3,5)eA

where S;; combines spatial proximity, motion consistency, and appearance similarity.
These frameworks combine learned detectors with motion models to improve perfor-
mance under fast dynamics and object overlap. These systems support stable esti-
mation of droplet paths and spatter motion in high-speed welding sequences [33, 34].
Deep learning based tracking frameworks such as FairMOT and CenterTrack im-
prove identity consistency in dense and dynamic scenes by coupling detection con-
fidence with motion continuity [35, 36]. These approaches improve estimation of
droplet transfer rates and spatter distribution under unstable arc conditions.

12
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2.6 Analysis of Welding Signals

The electrical signals collected during gas metal arc welding (GMAW), particu-
larly in pulsed direct-current and alternating-current variants, primarily consist of
synchronized voltage and current time series. These signals capture the dynamic be-
havior of the arc, metal transfer modes (e.g., globular, spray, or short-circuit), and
process instabilities such as droplet detachment, arc re-ignition, and plasma fluc-
tuations. Typical characteristics include periodic pulsing in pulsed GMAW (with
peak/base current phases), transient short-circuit events, and stochastic variations
due to shielding gas interactions or workpiece irregularities. High-speed imaging
synchronized with electrical data acquisition enables direct correlation of arc geom-
etry and arc voltage as indicated in the paper [37, 38|.

Synchronization helps match features from electrical signals with features from im-
ages. These combined features can be used to predict or classify welding outcomes,
such as arc stability, transfer mode changes, and weld geometry

2.6.1 Data Analysis Methods

Literature on welding signal analysis consistently frames the problem as a study
of temporal dependence, nonlinear coupling, and regime transitions in noisy, non-
stationary time-series. A first step in most studies is the assessment of signal rela-
tionships using correlation-based measures. Pearson correlation is commonly used
to capture linear coupling between voltage and current, while Spearman correlation
extends this analysis to monotonic nonlinear relationships. These measures are of-
ten paired with scatter-based visual analysis to reveal operating regimes and arc
resistance behavior [39)].

Temporal structure is typically analyzed through delay and memory estimation.
Cross-correlation is widely used to identify dominant lags between input and output
signals, particularly between current, voltage, and derived weld pool responses. Au-
tocorrelation is used to quantify intrinsic memory effects in the process, while mutual
information is introduced in nonlinear settings to capture dependencies missed by
linear measures. In many studies, lag selection is further refined through data-driven
window ablation, where predictive models are evaluated across different temporal
contexts to identify an effective memory horizon [40, 41].

Beyond temporal alignment, welding signals are frequently analyzed in the frequency
domain to characterize periodicity and oscillatory behavior. Fast Fourier transform
(FFT) [42] is used to extract dominant frequencies associated with pulsed trans-
fer modes, while spectral analysis provides a global description of energy distribu-
tion across frequency bands. Event-driven phenomena such as short-circuiting and
droplet transfer are commonly studied using peak detection [43] and threshold-based
event extraction, which allows mapping of discrete physical events to signal patterns.

To understand interactions between multiple signals, studies frequently rely on mu-
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tual information and correlation structures to quantify coupling strength and non-
linear dependence. In addition, Principal Component Analysis (PCA) is often used
to project high-dimensional measurements into lower-dimensional representations,
enabling visualization of dominant process regimes and variability across welding
conditions [44].

2.6.2 Signal Processing

Signal processing prepares raw welding data for analysis by mitigating noise and
extracting transient features. Techniques include moving-average smoothing and
low- /band-pass filters for denoising, spectral analysis (FFT) for frequency content,
and wavelet-based decomposition for non-stationary transients. Event-driven pro-
cessing applies thresholding and peak detection to isolate short-circuit phases or
droplet events, with windowing to segment pulsed cycles. EMD and its variants,
ensemble EMD, and complete ensemble EMD with adaptive noise, have been suc-
cessfully applied to GMAW current signals, decomposing them into intrinsic mode
functions that reveal amplitude-frequency distributions linked to welding stability
and quality diagnosis [45, 46, 47].

In high-frequency welding applications such as GMAW-P, measured voltage and
current signals may contain switching ripple and high-frequency fluctuations that
are not directly relevant for the slower process dynamics of interest. Filtering can
therefore be used to smooth the signals before analysis. In this thesis, a phase-
corrected sixth-order Chebyshev low-pass filter with a cut-off frequency of 15 kHz
was applied during offline preprocessing. However, because phase-corrected filtering
is non-causal, this exact filtering approach would not be directly applicable in a
real-time control implementation.

2.6.3 Feature Engineering

Feature engineering transforms processed signals into predictive inputs. Time-
domain features include statistical moments such as mean, standard deviation, slope
(time derivatives), min and max amplitudes, and event indicators, e.g., short-circuit
duration. Frequency-domain features derived from FFT, e.g., dominant harmon-
ics and power spectra, or wavelet transforms as time-frequency energy distributions.
Physics-inspired features incorporate power (P = U -I), heat input, or resistance es-
timates. Lagged features explicitly encode time dependencies (e.g., voltage at t — k),
while normalization/scaling as z-score or min-max per window handles drifts, and
event indicators flag thresholds for arc presence or droplet detachment. These engi-
neered features, often combined with PCA for reduction, feed downstream models
while preserving physical interpretability [46].

2.7 State Estimation

In related research fields dealing with complex and non-stationary time-series data,
a wide range of statistical, machine learning, and deep learning methods have been
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employed for state estimation.

2.7.1 Prediction Strategy

In data-driven modeling of complex industrial processes such as GMAW-P, the selec-
tion of an appropriate prediction strategy is critical due to the presence of nonlinear
dynamics, partial observability, and strong coupling between process variables. As
described in Section 2.1, the welding process is governed by interacting electrical,
thermal, and electromagnetic phenomena, where measurable signals such as current
and voltage influence multiple underlying physical states, including wire, weld pool,
and arc geometry and droplet transfer behavior.

A key challenge in this context is that not all target variables are equally observ-
able from the available measurements. While certain arc characteristics, such as
arc length, are closely related to electrical signals (e.g., arc voltage), other features,
such as droplet size or spatter formation, depend on more complex interactions and
may only be indirectly observable. This motivates the need for structured prediction
strategies that account for varying degrees of observability among target variables
[48].

A straightforward approach to predict the features is to try to predict them using
only the measured signals, i.e.,

mput signals — target feature

Direct prediction or single-task learning is simple to implement and does not require
assumptions about dependencies between target variables. However, the approach
might be suboptimal in scenarios where some targeted features only have a weak
correlation to input signals but strongly correlate with other target features. In
that case, Multi-Stage Prediction (MSP) might be a better approach [49]. MSP is
a strategy in which target features that are closely correlated with the input signals
are first estimated as intermediate variables, and then later used as additional inputs
to predict more complex or indirectly observable features, i.e.,

input signals — intermediate states — complex features

This approach enables the prediction of complex features even when the available in-
put data is limited by leveraging intermediate representations that capture relevant
process dynamics. However, it requires assumptions regarding the structure of the
process, particularly in selecting appropriate intermediate variables. Such assump-
tions could be based on prior knowledge, for example, known physical relationships
between input signals and target features.

By explicitly modeling these dependencies, multi-stage prediction can improve the
estimation accuracy of complex features compared to direct prediction. However,
the approach is susceptible to error propagation, as inaccuracies in the intermediate
predictions may accumulate and negatively affect subsequent estimates [50].
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Multi-Task Learning (MTL) is an approach where multiple features are predicted
simultaneously, i.e.,

input signals — [feature; featurey ... featurey]

A key advantage of MTL is that it allows the model to learn a shared representation
of the input signals that captures common factors influencing multiple outputs. This
can act as an inductive bias, improving generalization and robustness. Furthermore,
jointly learning related tasks can reduce the risk of overfitting compared to training
separate models for each target feature. However, MTL does not explicitly enforce
a structured dependency between target variables, as in hierarchical or multi-stage
approaches. While correlations between targets may be implicitly captured through
shared representations, the model does not guarantee physically consistent relation-
ships between outputs. Additionally, conflicts between tasks may arise if different
targets require competing representations, potentially degrading performance for
some variables [51].

2.7.2 Statistical Analysis

Time series regression analysis aims at describing the development of data through
time by leveraging their dependency on previous observations and, if possible, ex-
ogenous factors. These techniques use stochastic modeling tools in order to create
parameterized models that describe dynamics and dependencies through time. They
have been used extensively due to their explanatory power, effectiveness, and robust-
ness in situations with little data or close-to-linear dynamics.

Classical statistical approaches include AutoRegressive (AR) and AutoRegressive
with eXogenous input (ARX), which explicitly model temporal dependencies and
have been widely used in signal forecasting and process monitoring. These mod-
els are often combined with frequency-domain or time—frequency feature extraction
techniques, such as Fourier analysis or wavelet transforms, to improve performance
on signals with varying periodicity and transient behavior [52].

An ARX model structure can be defined as:

Na Ty nb—l
y(k) = Zaiy(k —1i) + Z Z bjiui(k —ny —1) (2.1)
i=1 j=1 i=0

where y(k) is the target variable at time k, u; denotes the jth input signal, with
j=1,...,n4, n, is the number of input signals, n, is the number of previous out-
puts, ny is the number of previous inputs, and ny is the input lag used in the model.

A Nonlinear ARX model (NARX) can be used to represent a wide range of nonlinear
systems. The general NARX model structure is described by:
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y(k) = F[y<k - 1)7y(k - 2)7 "‘7y(k - ny)a
u(k—d),u(lk—d—-1),...,u(lk —d—n, + 1)] (2.2)
+e(k)
= F(z(k)) + e(k)

where y and u are the outputs and inputs, and F' is a polynomial function of degree
n defined as:

n

F(z(k)) = Bo+ ) Bizi(k) + > Bigzi(k)zj(k) +--+ > Biviy 1] 2 (k)
i i<j i< <in m=1
Beyond ARX and NARX formulations, several alternative frameworks are commonly
used to capture more complex dynamics and uncertainty in time-series systems.
State-space models represent the system using latent variables, enabling recursive
estimation methods such as Kalman filtering for linear cases and nonlinear exten-
sions [53] for more general dynamics. Probabilistic approaches such as Gaussian Pro-
cess regression [54] provide a nonparametric alternative, where system behavior is
inferred through kernel-based covariance structures with inherent uncertainty quan-
tification. In addition, Volterra series [55] offer a functional expansion for weakly
nonlinear systems by incorporating higher-order input interactions, while modern
neural state-space [56] generalizes these classical structures by learning nonlinear
state transitions directly from data, effectively unifying and extending traditional
statistical modeling approaches.

2.7.3 Machine Learning Approaches

Beyond purely statistical methods, traditional machine learning models have been
extensively applied to time-series prediction using engineered features. These in-
clude Support Vector Machines/Regression, K-Nearest Neighbors, Ensemble meth-
ods such as Random Forests and Gradient Boosting, which are valued for their
robustness, interpretability, and effectiveness. Such models are commonly used in
the monitoring and diagnosis of industrial conditions, where signals are noisy and
labeled data are scarce, making them directly relevant for welding applications [57].

Ensemble methods

Ensemble methods have for a long time been used in a variety of domains, includ-
ing machine learning for regression. The main idea behind ensemble methods is
to gather several models to obtain an aggregated model that outperforms all of its
sub-models [58]. Within ensemble methods, there are several approaches, including
random forests, extra trees, and boosting methods. The large difference between
the methods is if the trees are gathered in parallel or sequentially.

Random forests and extra trees are parallel ensemble methods, meaning that the

sub-models are trained on a subset independently from each other, and the aggre-
gated model then averages the outputs or utilizes voting depending on whether it
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is a regression or classification problem. Boosting methods train their sub-models
sequentially, where the next sub-model uses the output from the previous model
together with the input to try and correct the previous model’s errors [59]. Each
method has its advantages and drawbacks, e.g., parallel learning is more resistant
against overfitting while sequential learning reduces bias.

Within parallel ensemble learning, split selection in decision tree models varies by
method. In terms of regression, let the input-output mapping be defined as f :
R? — R?, where d denotes the number of output variables in a MIMO setting. The
ensemble prediction is given by

1 M
$@) = 17 > Tul)
M m=1
where T,,(x) denotes the prediction of the m-th regression tree.
In Random Forest regression, each tree is trained on a bootstrap sample of the
dataset, and splits are selected by maximizing variance reduction. For a candidate
split s, the reduction in impurity is defined as

_ 1S _ |5l

where the node impurity is given by the within-node variance

AV(s) =V(S)

1 _
= EZ ||Yz‘ - YSHg'

1€S
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In Extra Trees regression, the ensemble structure is identical, but split selection
is randomized instead of optimized. For a randomly selected feature j, the split
threshold is drawn from a uniform distribution

t ~ Z/{(x;nin, a:;-nax)

and the resulting partition is defined as

:vjﬁt—hS’L, $j>t—)SR.

Random Forests choose splits by optimizing regression impurity criterion, such as
variance or mean squared error reduction, while Extremely Randomized Trees (Ex-
tra Trees) select split thresholds randomly to improve efficiency. Both methods
often achieve similar performance, though Random Forests may offer slightly higher
accuracy at a higher computational cost. Extra Trees typically reduce variance due
to increased randomness, while Random Forests reduce overfitting relative to single
decision trees through aggregation and feature randomness.

Gradient boosting builds an ensemble of weak learners, typically decision trees, in
a sequential manner, in contrast to parallel ensemble methods. The approach can
be interpreted as performing gradient descent in function space [60]. The model is
constructed additively as
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=3 fulo

where each f,,(x) represents a weak learner. Training proceeds iteratively by up-
dating the model as

fm($) = fmfl(x) +n- hm(l’)

where h,,(x) approximates the negative gradient and 7 is the learning rate.

Several optimization techniques for gradient boosting improve both computational
efficiency and predictive performance. One widely used method is eXtreme Gra-
dient Boosting (XGBoost), which extends standard gradient boosting with explicit
regularization, second-order optimization, and efficient tree construction [61].
XGBoost optimizes a regularized objective function [62] defined as:

N K

L= Uy, )+ Qfe)
i=1 k=1
where [ denotes the loss function, K denotes number of trees, and €2 penalizes model
complexity. The regularization term is defined as:

1 T
Q(f) =~T + iAZwJQ-
j=1
where T" denotes number of leaves, w; denotes leaf weight, v penalizes tree complex-
ity, and A controls weight magnitude.
Training proceeds in an additive manner. At iteration ¢, the model is updated as:

90 =98 + fi(wy)

Each new tree f; is fitted using a second-order Taylor approximation of the loss
function:

Z{ngt ;) + hft( )|+ Q(f)

where ¢; = 81%’“‘% and h; = # represent first and second order gradients.

This formulation enables direct use of curvature information from the loss surface,
improving split decisions and convergence stability. Split selection maximizes gain
defined as:

1( G2 G G?
G- S L R o .
a 2<HL+)\+HR+)\ H+>\> K

where G and H are aggregated gradients and Hessians for parent and child nodes.
This objective structure provides more control over model complexity while main-
taining fast convergence and stable performance in high-dimensional and sparse
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feature spaces.

Deep learning based methods

Deep learning methods enable direct modeling of temporal structure without ex-
plicit feature engineering and have become increasingly popular in time-series anal-
ysis. Recurrent neural networks (RNNs), and in particular long short-term memory
(LSTM) [63] based architectures, are widely used to capture long-range temporal
dependencies and dynamic process evolution. These models have been successfully
applied in domains such as speech recognition, power system monitoring, and man-
ufacturing process control.

LSTM networks [64] is a form of multi-task prediction model architecture 2.7.1 which
extends recurrent neural networks through gated memory cells that enable stable
learning of long-term temporal dependencies. At each time step t, the network
receives the current input x;, previous hidden state h;_i, and previous cell state
¢;—1. The gate operations and state updates are defined as:

fi=0Wxy + Ushi—q + by) Variable Meaning
it = O'(Wl'ilft + Uihtfl + bl> ft Forget gate
. L b b it Input gate
¢ = tanh(Wez; + Uchy—1 + bc) Gt Candidate state
or = o(Wexy + Uphy—1 + b,) 0 Output gate
G=Ff0c 1+ O ct Cell state

hy Hidden state

hy = 0; ® tanh(¢;)

where o(-) denotes the sigmoid activation function, tanh(-) denotes the hyperbolic
tangent activation function, and ® denotes element-wise multiplication.

This gated structure enables selective retention and suppression of temporal infor-
mation, allowing the network to learn both short-term transitions and long-range
dependencies in sequential process signals.

Nonlinear extensions to classical time-series models may take place through the
application of machine learning, replacing traditional linear functions by nonlin-
ear function approximation methods. In particular, the NARX model follows such
a methodology by retaining lagged dependency relations while using the function
(fo(+)) to learn the mapping from inputs to outputs.

The Neural NARX (NN-NARX) model represents the predicted output as a nonlin-
ear function of past input and output values. It can be written as

gt = f9<Xt> = f9 (ut7 Ui—1,-e oy Wgny» Yt—1,Yt—2, - - - 7yt*ny) ) (23)

where n,, denotes the number of input lags, n, denotes the number of output lags,
and 6 represents the trainable network parameters.

In this work, the nonlinear mapping fy(+) is modeled using a multilayer perceptron
(MLP). For an MLP with L hidden layers, the input to the network is defined as
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th) = Xt.

The hidden-layer activations are then computed recursively according to

h — ¢ (Ww)hgf—l) + b“)) . 0=1,2... L,

where W and b are the weight matrix and bias vector of layer ¢, respectively,
and ¢(-) is a nonlinear activation function. Finally, the network output is given by

g = WIADRP 4 ptD), (2.4)

More recent approaches explore hybrid and multi-modal architectures, where time-
series models are combined with image-based models. In such frameworks, Con-
volutional neural networks (CNNs) are used to extract spatial features from im-
ages, while LSTM [65] networks process synchronized voltage and current signals.
The learned representations are then fused at the feature or decision level to en-
able joint prediction. Similar fusion strategies are common in video understanding,
autonomous driving, and biomedical monitoring, where heterogeneous sensor data
must be jointly interpreted [66].

The transfer of these modeling strategies to GMAW-P is well motivated, as weld-
ing current and voltage signals share fundamental characteristics with time-series
data encountered in other complex industrial systems, including nonlinearity, noise,
strong coupling between process variables, and multi-scale temporal behavior.

2.7.4 Evaluation Metrics

Regression performance in time-series learning is commonly evaluated using error
magnitude and signal agreement metrics, which quantify the deviation between pre-
dicted values and corresponding ground-truth observations in time-indexed samples
[67]. Different metrics capture different aspects of prediction quality and are there-
fore often used together to provide a more comprehensive assessment of model per-
formance.

One of the most widely used measures is Root Mean Squared Error (RMSE), which
expresses the prediction error in the original units of the target variable:

N
RMSE = J >l )
N
RMSE represents the typical magnitude of prediction error while giving greater
emphasis to larger deviations due to the squaring operation. Consequently, it is
commonly employed when the interpretability of error magnitude in physical units
is important.

Another commonly used metric is Mean Absolute Error (MAE), which measures the
average absolute deviation between predicted and true values:
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1 N
MAE _ — i Ai
N ;Zlﬁ\y 9il

Unlike RMSE, MAE treats all errors equally and does not disproportionately penal-
ize large deviations. Therefore, it is often preferred when a more uniform represen-
tation of prediction error is desired.

While RMSE and MAE quantify the magnitude of prediction errors, they do not
evaluate the similarity in temporal behavior between predicted and measured signals.
To assess the degree of linear association between two signals, the Pearson correlation
coefficient is commonly employed [39]. This metric evaluates the strength of linear
correlation independent of signal amplitude and is defined as:

cov(z,y)
00y

Tay =

where cov is the covariance and o is the standard deviation. For a sequence con-
taining n samples, the Pearson correlation coefficient can be expressed as:

n

_ iz (7 — ) (yi — 9)
VI (@ = 22 T (s~ 9
where z; and y; are the values at time ¢, and T and y are the mean across all samples.

Higher correlation values indicate stronger agreement in signal trends, even when
differences in amplitude exist.

r

In addition to measuring prediction error and signal correlation, it is also useful
to compare model performance against a baseline predictor. Root Relative Squared
Error (RRSE) is frequently used for this purpose [68]. RRSE evaluates model perfor-
mance relative to a predictor based on the mean of the target values and is defined as:

> (true — pred)?

* ,(true — mean)?

RRSE = J

where an RRSFE < 1 is better than predicting the mean, RRSE = 1 has the same
performance as predicting the mean and RRSE > 1 is worse than predicting the
mean.

Although these performance metrics provide insight into the overall predictive ca-
pability of a model, they do not explain how individual input variables contribute
to model behavior. Understanding such relationships is particularly important in
multivariate systems, where multiple input variables influence the predicted output.
Feature importance methods are therefore employed to quantify the influence of in-
put variables on model predictions.
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A widely used approach to estimate the contribution of features in machine learning
models is split-based feature importance. This method is commonly applied in tree-
based ensemble methods and assigns importance according to the contribution of
each feature to reducing the model loss function. The importance of feature j is
calculated by aggregating the contribution across all tree splits:

T

Ij - Z Z ALt’S
t=1s€S; ;
where T' denotes number of trees, S; ; denotes splits in tree ¢ using feature j, and
AL, 4 denotes loss reduction at split s. Features with larger importance values are
repeatedly selected in high-gain splits, indicating a greater contribution to predic-
tive performance [69].

2.8 Research Gap

The uniqueness of this research is the use of the imaging method to characterize
the welding process with respect to the arc, droplets, molten pool, and wire. The
focus here is to identify some important attributes, such as the shape of the arc,
intensity of the arc, and process state, which are related to easily identifiable process
parameters like current, voltage, and wire feeding rate. These relations are then used
to construct prediction models based solely on electrical measurements.
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3.1 Data acquisition

The data used in this thesis was captured in a laboratory setting at ESAB’s office in
Gothenburg. The footage was recorded using a high-speed camera at 10,000 Frames
Per Second (FPS), equipped with optical filters selected based on the lighting con-
figuration, laser-lit or back-lit. Two welding machines were used in the experiment
to increase variation in the dataset. The two machines were set at different settings
varying the CTWD, Wire Feed Speed (WFS), and weld dynamic settings such as
arc length oscillation and pulse shape, which alter the arc dynamics and droplet
transfer behavior.

The laser-lit footage was captured using a 500W laser at 810 nm that illuminates
the wire and weld pool against a background. The laser’s intensity and the illumi-
nation duration can be adjusted to allow for a visible arc while still capturing the
contour of the wire and weld pool. The back-lit footage was captured using 70W
LED backlighting at 630nm, which clearly reveals the contours of the objects in the
image but provides limited depth information. The LED backlight’s intensity can
also be adjusted to allow for a visible arc while capturing the contours of the objects
in the footage.

During the weld sequence, internal measurements from the welding machine are
recorded at 200kHz and synchronized with the video frame trigger times. The
recording is then saved in an HDF5 file, which contains all measurement history
and rolling variables calculated by the machine during the weld sequence, and the
time each frame is captured.

3.2 Computer Vision-Based Feature Extraction

This section describes the full computer vision pipeline, from extracting the frames
from the videos, preprocessing the individual frames, and feature extraction. A
visualization of the desired features, wire tip, tapering point, weld pool, and the
distances between them, and the contact tip can be viewed in Figure 3.1.
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Tapering point
Tapering point

Weldpool

() (b)

Figure 3.1: Desired features from a sample footage collected at the lab

A visualization of the desired arc features plasma channel edges and plasma attach-
ment points can be viewed in Figure 3.2.

(a) Original (b) Plasma channel edges (c) Plasma attachment

Figure 3.2: Desired arc features from a sample footage collected at the lab

3.2.1 Preprocessing

Each welding sequence provided has a video recording in .avi format. The first step
is to extract the individual frames from the video to prepare it for further analysis.
This was done using the OpenCV’s VideoCapture and the frames were temporarily
saved and sorted into a folder per video.

Since the footage used were captured in both a back-lit and laser-lit setting, separate

preprocessing steps for each method were needed to enhance desired features. The
first step was the same in all videos and it was to make sure it was in a grayscale

26



3. Method

format using cvtColor, and normalize the image in the range (0,255).

Since the wire in the laser-lit footage is subject to direct illumination, glare on the
wire is produced. Through analysis, this glare was found to interfere with the detec-
tion of the desired features and an algorithm for glare removal was developed. The
glare removal process starts with applying Gaussian blur with a kernel size of 5 x 5
and sigma of 1.0 to reduce image noise. A top-hat morphological operation is then
performed using a 7 x 7 elliptical kernel, highlighting bright regions such as spots
or streaks smaller than the kernel. The highlighted regions are then extracted as a
binary mask using Otsu thresholding, where pixels identified as glare are assigned
255 and other pixels 0. This mask is then dilated once using a 7 x 7 structuring ele-
ment, expanding the detected glare regions to include neighboring pixels improving
coverage. Finally, the masked area is inpainted using the algorithm INPAINT TELEA,
which propagates the surrounding pixels in a radius of 9 pixels inward. Glare re-
moval was only applied to the laser-lit footage, since the back-lit footage was not
affected by the same direct reflections.

The last step of the preprocessing was to perform Canny edge detection on the pre-
processed image. The Canny edge detector computes the image intensity gradients
using Sobel kernels in the x and y directions, where the aperture size was set to
3 x 3. Subsequently, a hysteresis operation is performed using two empirically cho-
sen Canny thresholds, an upper and a lower threshold. The pixels are then classified
based on their gradient magnitude and the Canny thresholds. Pixels are classified
as non-edges, weak edges, or strong edges if their gradient magnitudes are below the
lower threshold, between the thresholds, or above the upper threshold, respectively.
The weak edges are kept only if they are connected to a strong edge, and all strong
edges are kept in the final result. The thresholds used for each image type are de-
fined in Appendix A.

For arc detection a separate preprocessing pipeline was used, keeping the processed
image more similar to the raw footage by only normalizing the footage in the range
(0,255) and applying Gaussian blur with a kernel size of 5 x 5 and sigma of 1. This
was needed to keep the subtle edges of the plasma channel.

Preliminary analysis showed that the laser-lit recordings produced strong specular
reflections and unstable contour extraction, resulting in unreliable feature segmen-
tation and increased false detections. Although glare-removal preprocessing was
investigated, the extracted features remained less consistent than in the back-lit
recordings. Consequently, the subsequent feature extraction and regression analysis
were restricted to the back-lit footage.

3.2.2 Feature extraction

This section describes the extraction of required features such as points or lines de-
tected in the image that are later used to calculate the target physical features.
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Wire identification

To identify the wire in the image, the straight shape of the solid wire and the par-
allelism of the edges were utilized. First, all straight edge segments were detected
in the image using probabilistic Hough transform through the OpenCV function
HoughLinesP on the Canny edge map. All detected lines were then filtered to re-
tain only near-vertical lines within the expected length range for the wire edges.
Remaining lines were then compared with each other and grouped together if they
were determined to be parts of the same edge. These groups were then merged
together by fitting a straight line segment to the group. The remaining lines were
then compared with each other in terms of relative orientation, where two parallel
line segments, whose distance fell within a predetermined range, were selected as the
final wire edges. The parameter settings used for the probabilistic Hough transform,
line filtering, grouping, and final edge-pair selection are provided in Appendix A.

Definition of Search space

To minimize the risk of error due to background noise, irrelevant portions of the
images were excluded by defining a rectangular search space based on the wire lo-
cation. The search space included all relevant regions of the image containing the
wire and arc features of interest.

The upper boundary of the search space was determined by locating the contact tip,
the part from which the wire extends. This was achieved by searching upward along
two lines parallel to the wire edges offset from the wire centerline, until an edge
was detected in the Canny edge map. In images where the contact tip was not in-
cluded or could not be located, the top of the image was used as the upper boundary.

The lower boundary was set as the base metal’s surface y-value in the image. The
base metal’s surface y-value was fixed in the laser-lit footage as the base metal was
at the same y-level throughout the footage. In the back-lit videos, the base metal
y-value was found using a vertical search upward from the bottom in the Canny edge
map along both sides of the image. The base metal y-value was set when an edge
with a width over a certain threshold was detected on either side to avoid assuming
a fixed weld pool location. The threshold values used for base metal detection are
defined in Appendix A.

Wire tip detection

Canny edge detection was performed again, but now on the cropped preprocessed
image with only the search space. An elliptical morphological closing operation was
then applied to connect broken edges of the wire due to arc flash or noise. The
resulting edges were then used to identify contours using OpenCV’s findContours.
The detected contours were then filtered to retain only those of the wire based on
expected contour properties such as angle, length and width, which are defined in
Appendix A. If no remaining contour exceeded the length threshold, the wire con-
tour was assumed to be split into multiple parts. Through visual analysis, this was
found to often consist of two parts, so instead of selecting the single longest con-
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tour, the two longest contours were selected. Since all footage was captured upright,
the wire tip was identified as the lowest point of the wire contour. In the case of
a split contour, the wire tip was selected as the lowest point among the two contours.

Weld pool tip detection

The tip of the weld pool was determined by approximating the wire centerline using
the two wire edges, extending it downward through the image. Starting one pixel
below the wire tip height, a stepwise search was performed downward along the line
in the Canny edge map. At each step, a profile perpendicular to the centerline was
sampled over a 5-pixel radius until an edge was detected. The location of the edge
pixel closest to the centerline was defined as the weld pool tip.

In parts of the footage, detached droplets intersect this line which can lead to an
incorrect estimation of the weld pool tip position. To address this issue, a filtering
method was implemented to remove droplets by identifying contours with approx-
imately circular shapes. This was done by calculating each contours circularity.
Each contour with a circularity value higher than 0.4 was then removed prior to the
search, reducing the risk of incorrect weld pool tip detection.

Solid-molten transition point detection

The solid-molten transition point refers to the location along the wire where the
material changes from a solid state to a molten state due to heating. Since the
transition occurs gradually, there is no single exact point at which the change takes
place. Instead, the transition can be defined using different observable features. In
this work, two definitions are used, the point where the texture of the wire changes
and when the wire begins to taper.

In the laser-lit footage, a change in the surface texture can be observed along the
wire as a result of melting. This texture change is not observable in the back-lit
footage due to the lack of direct illumination. To identify the texture change, a
binary glare mask was extracted using morphological top-hat filtering with a 7 x 7
elliptic kernel and Otsu thresholding. The mask components were then dilated using
a 3 x 3 elliptical kernel to connect nearby mask components. To isolate the glare
mask along the wire, all components below the wire tip were discarded and the
largest remaining component was selected. The solid-molten transition point was
then defined as the lowest point of the selected glare mask component.

The point at which the wire starts to taper was also determined. To detect this, a
line was fitted to each of the wire edges, extending over the full Canny edge map.
Starting 20% of the segment length above the lower end of each edge segment, a
search was performed along the fitted lines downwards. At each step, the distance
between the fitted line and the wire edge pixels was measured. The search was
stopped when no valid edge pixels were detected for a specified number of consec-
utive rows, when the closest detected edge pixel deviated from the fitted line by
more than a predefined vicinity threshold, or when the projected line left the image
frame. The threshold and the number of consecutive steps needed to end the search
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are defined in Appendix A. The final valid edge pixel for each wire edge was defined
as that edge’s stop point. If stop points were found for both wire edges, the tapering
point was calculated as the midpoint between them.

Arc characterization
The arc was characterized by quantifying features of the plasma channel, such as
width and attachment height on the wire.

Since the arc is only visible during a specific part of each pulse, an initial step in the
image analysis was to detect if it was present or not. This was done by analyzing
the intensity in a band of pixels between the located wire tip and weld pool. The
mean intensity of the band was compared with a threshold calculated from the
background intensity, which was extracted from a predetermined area to the left of
the wire, where the threshold was defined as:

Threshold = py, + 3 - o4y

where pp, and o, are the mean and standard deviation of the intensity in back-
ground area, respectively. If the mean intensity in the band was higher than the
threshold, the arc was considered present.

If an arc was present, the preprocessed arc image was passed to a function that finds
the plasma channel edges. The image was cropped and only the arc ROI, defined
as the area between the wire tip and weld pool, was used in the analysis. The ROI
was further preprocessed using Contrast Limited Adaptive Histogram Equalization
(CLAHE) with a clip limit of 2.0 and grid size of 8 x 8 to enhance local contrast
in the image. A Gaussian blur with kernel size of 5 x 5 and sigma of 1.0 was also
applied to reduce image noise.

The ROI was divided into bands, where the first band was one pixel high and the
following bands are of a predetermined height. The assumptions about the plasma
channel that are used to identify the plasma channel edges are that the plasma is
brighter than the surrounding background and that the edges are on either side of
the wire tip in the image. Starting with the initial band, the gradient was calculated
in each band where the strongest positive gradient was selected as the left edge and
the strongest negative gradient was selected as the right edge.

After the initial edge was detected, the search in the subsequent band was limited to
the vicinity, defined by a tracking window radius, of the detected edge z-coordinate,
due to the plasma edge being continuous. The search was stopped when all bands
have been analyzed or if the largest gradient in the previous edge vicinity was below
a threshold, due to the edge being too faint. The plasma channel width was then
defined as the average distance between the detected edges.

The plasma attachment point on each side of the wire was estimated within a rect-

angular ROI positioned above the wire tip. The ROI was of a predetermined height
and width, and was centered horizontally on the wire tip. Gaussian blur was applied
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with a kernel size of 5 x 5 and sigma of 1.0 to reduce image noise, after which an
intensity threshold was calculated as:

Threshold = uror + k - oror

where pgror and oror are the mean and standard deviation of the pixel values with-
ing the ROI, respectively, and k is a predetermined factor.

The ROI was then scanned row by row from top to bottom where the left and right
half of each row was analyzed separately. When one or more pixels above the thresh-
old was detected in a row, the one closest to the wire centerline was selected. The
first detected point on each side was defined as the plasma attachment point. The
plasma attachment height was calculated by averaging the y-coordinates of both
points.

The parameters used for the arc characterization are included in Appendix A.

3.2.3 Droplets and Spatters

This section describes formulation methods used for droplet and spatter detection
and tracking. The pipeline consists of feature detection, state estimation, and track
management.

Feature Detection

Each frame I(z,y) is converted to grayscale and processed using a blob detection
stage based on OpenCV SimpleBlobDetector. Detection is performed under fixed
parameter settings: minimum area A,;, = 10 pixels, maximum area Ap., = 3000
pixels, and minimum circularity Cp,;, = 0.5. Inertia, convexity, and color filters are
disabled.

Each detected blob is represented by a keypoint:

where x;,y; are pixel coordinates and r; is the blob radius.
Area and equivalent diameter are computed as:

A
Ay =12 di = 24| — (3.2)
T

Detections are retained if:

10 < A; < 3000 (3.3)
Circularity is defined as:
47'('141‘

1

and only detections with C; > 0.5 are kept. We evaluated circularity with different
values between 0-1 and 0.5 resulted in best detection.
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Spatial Segmentation
A search region 2 is defined per frame using a polygonal mask. Its bounding box is:

:vffﬁn = min(£),), $ﬁax = max(£2,) (3.5)
yr?’lin mln<Qy) ) yr?lax max (Qy)
The horizontal center is: o N
T, = xmm—gxmax (3.7)

The center region of interest is defined as:
Re = {(x,y) | [ — 2| < 30(pizels), y < Ypoor} (3.8)
Note that the distance is from the vertical center line. Left and right regions are:

Ri={z < i} (3.9)
R, ={z >z } (3.10)

Classification
Each detection is assigned a class based on area and spatial location.
Droplets:

Spatters:

State Estimation
Tracking is performed using a constant-velocity Kalman filter.
State vector:

T
Xt:[ﬂft Yt Uzt Uy,t] (3.13)
Measurement vector:

7 = M (3.14)

Yt

State transition:

Xt+1 = FXt + Wt (315)
1 010
0101
F = 00 10 (3.16)
0 0 01
Noise covariances:
Q =0.0314, R=051 (3.17)

Data Association
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Association is performed using Euclidean distance between predicted track position
(x4, yr) and detection (z;,y;):

dig =/ (wi = a?)? + (35 = oF)? (3.18)

Matching thresholds:
d;+ <20 droplets (3.19)
d;+ < 18 spatters (3.20)

Greedy assignment is applied with one-to-one constraints.

Track Management
Each track is represented as:

T = {(xt, yt, At)}iil (3.21)
A track is confirmed if:
Nhits > 2 (3.22)
\/(mN —x1)?+(yv —y1)* > 6 (3.23)
ynv —y1 >4 (droplets) (3.24)

Track termination is applied after:

3 missed frames— > droplets (3.25)
2 missed frames— > spatters 3.26)
Velocity Estimation
Velocity is computed as:
vy = \/(% —x1)? + (Y — Yi—1)? (3.27)

With unit frame spacing, this corresponds to velocity in pixels per frame.

Trajectory Output
Each trajectory is represented as:

T =A{(ze, ye, Av, di) 1Ly (3.28)

The output consists of per-frame measurements including class label, track ID, cen-
troid position, area, and equivalent diameter.

3.2.4 Qualitative Evaluation

The accuracy of the extracted features was evaluated iteratively during the devel-
opment of the extraction methods. The main focus was to identify false, missing,
or inaccurate detections in order to improve robustness through parameter tuning,
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algorithmic adjustments and additional geometric constraints.

The evaluation was primarily performed through visual inspection of representative
frames with feature overlays. This allowed failure cases to be identified, such as
missing edges, false contour detections, incorrect weld pool localization, or unstable
arc segmentation. These observations were then used to refine the feature extraction
pipeline.

The iterative qualitative evaluation also informed the development of the anomaly
detection stage described in Section 3.3.1. By analyzing recurring failure cases in
the extracted features, criteria for anomaly identification and correction could be

established.

3.3 Data Preparation

This section describes how the data was analyzed and altered to facilitate for model
training.

3.3.1 Anomaly Detection

Anomaly detection was performed on the time-series outputs to identify temporally
inconsistent or physically implausible measurement sequences. Fach temporal se-
quence containing the results from the CV-pipeline was processed independently
using a rule-based scoring framework. Even though the rules developed are ap-
plicable to all the features extracted from images, only the following features are
considered for the study - wiretip(x,y), tapering(z,y), mm_ per_ px as these are
the features used for creating the ideal outputs for the model to be trained on in
later stages. A frame was flagged as anomalous when its aggregated score exceeded
a threshold 7, defined in Appendix A.

Each frame received an anomaly score defined as

where wy, is the weight of anomaly rule k, and W (¢) indicates whether rule k is
triggered at time ¢t. A frame is classified as anomalous when

StZT

Three types of rules were used. The first was missing value detection, defined as
missing values in critical process variables:

Hémissing(t) = “é(xt = NaN)

The second was sudden change detection identified abrupt deviations using a rolling
baseline:
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|z¢ — pa
W ump(t) = [ T 5 6
J P() (‘Mt“"e

where w is the window size and 0 is the relative change threshold, which are defined
in Appendix A.

The third rule was transient event detection. Identified short-lived isolated activa-
tions were detected and a binary presence signal p, was defined for each event type.
A transient anomaly was flagged when

Woiransient (t) = W(py is isolated within window w and run length < l,,,4.)

Final anomaly decision followed:

1 if St 2 T
anomaly(t) = '

0 otherwise
In the implementation used in this thesis the weight from each anomaly rule was
equal and was alone enough to exceed the threshold, meaning that one rule breach
was enough to mark the frame as anomalous. Detected anomaly frames had its val-
ues removed in downstream modeling to avoid propagating corrupted measurements.

3.3.2 Data imputation

To minimize data loss, missing values in the features that were missing or re-
moved due to anomalies, were reconstructed through linear interpolation when they
stretched over less than 10 frames. This was done using the closest previous and
subsequent valid measurement. When detected anomalies stretches for 10 frames
or longer, the measurements was not interpolated and the time-series are left un-
touched.

3.3.3 Feature Calculation and Data Synchronization

To prepare the data for model training the detections from the CV-pipeline needed to
be merged and synchronized with the measurements from the process. The merged
data will then also have to be split into different parts to allow for proper model
training and validation.
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Table 3.1: Target features

Target feature Definition
Wire tip to weld pool |wire tip, — weld pool, |
Tapering point to weld pool ]taperingipointy — weld pooly|
Plasma attachment to weld pool | |plasma_ attachment_height — weld pool, |
Contact tip to weld pool |contact__tip, — weld pool, |
Plasma channel width Average distance between detected edges
Arc detected Arc detected between wire tip and weld pool
Droplet detected Droplet detected in the image
Droplet diameter Droplet diameter
Spatter detected Spatter detected in the image

The resulting targets was saved as a Comma-Separated Values (CSV) file to accom-
modate for subsequent steps.

Each video sequence has a corresponding HDF'5 file that contains the analog inputs;
voltage, current and Wire Feed Speed (WFS), together with mathematical data,
filtered voltage, current and WFS, calculated power, etc., and the frames captured,
all in relation to time.

Due to the difference in the sampling frequency between the measurement data
and the video frame rate the data was merged into two datasets: one where the
detections from the videos were up-sampled through linear interpolation to match
the measurement frequency, and one where the measurements were down-sampled
through averaging to match the video frame rate.

The down-sampled dataset were constructed by averaging all the measurements
connected to each frame. To find which measurements that is connected to each
frame, upper and lower time bounds is calculated for each frame. The first and last
frame had upper and lower bounds of —oo and oo, respectively. The upper and
lower bounds of a frame, frame; was calculated accordingly:

frame; — frame;_4

2
frame; 1 — frame;

2
The up-sampled dataset was created to not lose any information within the mea-
surement time series. The actual output from the computer vision analysis is placed
on the row that has the closest measurement time to when the frame was captured.
Then each frame value is linearly interpolated up until the next true output from
the subsequent frame.

lower__bound = frame; —

upper__bound = frame; +

In the merging process, the pixel measurements from the computer vision analysis
are converted to mm and used to calculate the relevant distances, such as wire tip,
tapering point, contact tip, and plasma attachment height to the weld pool, as well
as arc width.
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3.4 Estimation of Target Features

Different estimation and prediction models were developed and benchmarked to in-
vestigate their performance in predicting target features in the welding process. The
models span three domains of increasing complexity: statistical methods, machine
learning, and deep learning.

3.4.1 Data Curation

To accommodate optimal training, each full welding sequence was chronologically
split into subsequences of equal length. The subsequences were then randomly
divided into a training, validation, and testing parts of 60%, 20%, and 20%, respec-
tively. To reduce direct temporal leakage between the subsequences, no subsequences
had any overlap, and a predefined gap was set between the end of a sequence and
the start of a subsequent one. If the last chunk in a sequence was shorter than a
predefined threshold, it was discarded.

The split algorithm also extracted machine type, CTWD, and WFS from the file
names and included these variables as static context in the subsequence manifest.
These variables were used to balance the training, validation, and test splits with
respect to machine type, CTWD, WFS, and number of samples. CTWD was only
used for split balancing and was not included as an input feature in the estimation
models. All parameters used for the data split are listed in Appendix B.

3.4.2 Feature selection

A predefined feature configuration was established through iterative model training
and evaluation. This design enforced a consistent input structure across all models
and enabled direct comparison. The input space was organized into three feature
groups:

« Measured and calculated signals: voltage (V'), current (I), voltage change
(AV), current change (AI), power (P)

 Rolling window statistics: mean, standard deviation, slope, minimum,
maximum

o« Metadata: WFS and machine type

Feature construction was performed on two levels. At the first level, time series
data were converted into fixed-length sliding windows of size w. Window sizes
varied across experiments to evaluate sensitivity to temporal context length. For a
window size w, the inputs for one of the measured or calculated signals at time ¢
were defined as

At = |Gty - -+ Ap—w1
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where a;,, represents the sliding window vector for signal a at timestep ¢. At the
second level, statistical descriptors were computed over a specified window w;:

ws—1 ws—1
~ 1 TR _ 2 Qg Q41
at,ws - E Ag—;g Oatws — § (atfi - at,ws> ma,t,ws -
w ws we — 1

where Gy, g tw, and Mgy, are the mean, standard deviation and slope of a at
time t over the window wy, respectively. The input vector was then set as:

T
X = [Xl cee X16:| (329)
with
X1 = It,wa X9 = Vt,w; X3 = AIt,wa X4 = A‘/t,wa
X5 = Pt,un Te = [t,ws7 X7 = ‘/t,wy Ty = O tws» (3 30)
L9 = OVtw,s T10 = M tw,, T11 = Myt T12 = min(1y,,,),

13 = min(Viy,), @14 =max(ly,,), =15 =max(Vi,,), 216 = WES

The prediction target corresponded to the target value at the final timestep of that
sequence:

Or = f(Xt)

3.4.3 ARX

First a baseline ARX was implemented, as described in Equation 2.1 with the input
defined in Equation 3.29 where n, = w = w,s. The model was fitted to predict the
wire tip-to-weld pool distance using both a one-step-ahead prediction, where the
true output history was used, and in a freerun simulation, where the model used
its own previous predictions as the output history. To find the model with the best
results a grid search was performed over

na,my € [0,1,3,5,10,25,50],  ny € [0,5]

For each candidate model order, the regressor matrix was constructed from the
training subsequences and the ARX coefficients were estimated using ordinary least
squares. The final model order was selected by minimizing the RMSE of the valida-
tion freerun closed-loop simulation.

3.44 NARX

A NARX model as described in Equation 2.2, was implemented and benchmarked
together with an adaptation of the NARX model which predicted the difference
Ay = F(z(k)) + e(k) instead of the actual target value, making the prediction
model:
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g(k) = y(k = 1) + F(z(k)) + e(k)

where the initial value for y(k —1) is set as the true previous output in the sequence.

The model can be adjusted by modifying the number of previous inputs and out-
puts the model uses, defined by n,, n,, and also by adjusting the input delay d.
When fitting the model, additional parameters determine the model complexity and
regularization strength. The degree n of the polynomial function F' determines the
model order, and a variable a defines the regularization strength when estimating
the coefficients 5. To find the best setup of parameters, a parameter sweep was
performed, trying every combination of n,,n, € [0,1,3,5,10,25,50], d € [0, 3], and
n=2.

3.4.5 XGBOOST

XGBoost regression was used for multivariate time-series prediction. The implemen-
tation used XGBRegressor from the xgboost library together with MultiOutputRegressor
from scikit-learn. One independent regression model was trained for each target
variable.

Each temporal window was flattened into a one-dimensional vector before train-
ing. The model therefore learned from lagged feature representations rather than
recurrent sequence states.

XGBoost constructs an additive ensemble of regression trees:

K
9 = fulz), fr€F
k=1

where f; represents an individual regression tree and K denotes the total number
of boosting iterations. Training minimized the squared error objective

L= Z(yz - ﬁi)z
The model uses 600 estimators, a maximum tree depth of 6, learning rate of 0.05,
row sub-sampling ratio of 0.8, and feature sub-sampling ratio of 0.8.

3.4.6 Parallel ensemble

Parallel ensemble methods were also evaluated for the estimation of the wire tip and
tapering to the weld pool distance. Both Random Forest and Extra Trees regressors
were investigated due to their ability to model nonlinear relationships while remain-
ing relatively robust to noisy and high-dimensional input features. The model inputs
consisted of measurements, intermediate temporal features derived from these sig-
nals, and setpoints for machine type and WF'S.
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A grid search was performed over a selection of window sizes in past inputs and past
calculated features, [0, 5, 10, 25, 50], and the rolling window summaries, [0, 25, 50, 75, 100].
All evaluated configurations used 160 trees.

The maximum tree depth was fixed at 24 and the minimum leaf size at 8. These
parameters were selected to regularize the ensemble and reduce overfitting by limit-
ing excessively deep decision paths and preventing predictions based on very small
subsets of the training data.

3.4.7 Neural NARX

A neural nonlinear autoregressive model with exogenous inputs (NN-NARX), as de-
scribed in Equation 2.3, was evaluated for estimation of the wire tip to weld pool
and tapering point to weld pool distances. Instead of directly predicting the ab-
solute distance, the network was trained to predict the change in distance between
consecutive samples, from which the absolute position was reconstructed recursively.
This formulation was used to reduce the influence of slow signal drift and encourage
the model to learn local temporal dynamics.

The model inputs consisted of measured current and voltage signals together with
engineered features derived from these measurements. Rolling means, standard de-
viations, and slopes were calculated using a temporal window of 25 samples. Static
context variables representing the wire feed speed (WFS) and machine type were
also included.

The model used the present value and the preceding 10 values of each dynamic input
feature, together with the preceding three values of the target distance. The network
architecture consisted of two fully connected hidden layers with 64 and 32 neurons,
respectively, using Rectified Linear Unit (ReL.U) activation functions and a dropout
rate of 0.15. A relatively shallow architecture was selected to limit overfitting, given
the limited number of welding sequences available for training.

Training was performed for a maximum of 200 epochs using the AdamW optimizer.
Early stopping based on validation loss was applied with a patience of eight epochs
to reduce overfitting and prevent unnecessary training after convergence.

3.4.8 LSTM

An LSTM network was used for multivariate time-series prediction. The model
was implemented in PyTorch using a two-layer LSTM architecture followed by fully
connected regression layers. Unlike the XGBoost approach, the LSTM processed
sequential data directly without flattening the temporal structure.

The LSTM sequentially updated an internal hidden state across timesteps according
to

hy = f@t, ht—l)
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where h; denotes the hidden state at timestep ¢. The hidden representation from
the final timestep was passed through fully connected layers to generate the output
prediction.

The network used two stacked LSTM layers with hidden size 64 and dropout rate 0.2.
A fully connected regression head consisting of linear layers and ReLLU activation
was applied after the recurrent layers. Model optimization used the Adam optimizer
with learning rate 1 x 1073, weight decay 1 x 10~*, and mean squared error loss:

L= Z(% - Z?z‘)Q

1
Input features and target variables were standardized using StandardScaler prior
to training. Training was performed using mini-batches of size 256 for a maximum
of 25 epochs. Early stopping with patience of 5 epochs was applied using validation
RRSE to reduce overfitting.

3.4.9 Evaluation

Model performance was evaluated on training, validation, and test splits using Root
Mean Squared Error (RMSE), Mean Absolute Error (MAE), Relative Root Squared
Error (RRSE), and Pearson correlation coefficient.

A sliding window formulation was used for both models. For window size w, input
sequences were defined as

X = [xtwarla e 7-73t]

with target prediction at the final timestep:

.@t = f(Xt)

Window sizes were evaluated over

w € {5, 10, 15, 20, 25, 30, 40, 50, 75, 100}

and average RMSE across targets was used to select optimal window length.

For XGBoost, each model consists of an additive ensemble of regression trees:

K
0 = Z [ k(xz)
k=1

trained by minimizing squared error loss:

N

L=>> (yi— )

i=1

For LSTM, a two-layer recurrent network was used. The hidden state evolves as
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ht = LS']_-‘I\/.[(.I't7 ht—l)

The final hidden state is mapped to outputs through fully connected layers and
mean squared error loss was used.

Feature importance

Feature importance is evaluated after training for all models and is estimated through
sensitivity-based analysis, where input perturbations are linked to prediction changes.
Results are aggregated across output targets and across all window sizes to produce
a unified feature ranking. The average of the feature importance across all models
are calculated and presented as chart in later stages.

Feature importance is computed from total loss reduction across tree splits:

K

Li=> > AL

k=1 SGSj’k

Predictions were further analyzed using line plots and scatter plots over a subset of
500 samples per target.
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Results

4.1 Data acquisition

Table 4.1: Summary of recorded sequences and their process configurations

Machine CTWD (mm) | WFS (m/min)
Machine 1 20 5
Machine 1 17 10
Machine 1 12 10
Machine 1 20 10
Machine 1 17 10
Machine 1 18 15
Machine 1 15 15
Machine 2 15 5
Machine 2 20 5
Machine 2 10 5
Machine 2 10 6
Machine 2 15 6
Machine 2 13.5 10
Machine 2 20 10
Machine 2 12 10
Machine 2 12 7
Machine 2 20 13
Machine 2 20 16
Machine 2 20 16

The different parameter configurations used in the sequences recorded in the data
acquisition process are summarized in Table 4.1. Machine 1 is from ESAB and
Machine 2 is from competitor.

4.2 Computer Vision-Based Feature Extraction

Below are the results from the computer vision analysis.

4.2.1 Preprocessing

The preprocessing results of a laser-lit frame including the original image, the pre-
processed image and the Canny edge map can be viewed in Figure 4.1.
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(a) Original (b) Preprocessed (c) Canny edges

Figure 4.1: Preprocessing of laser-lit image

The preprocessing results of a backlit frame including the original image, the pre-
processed image and the Canny edge map can be viewed in Figure 4.2.

(a) Original (b) Preprocessed (c) Canny edges

Figure 4.2: Preprocessing of backlit image

4.2.2 Feature Extraction

Wire identification

When the HoughlinesP operation is performed on the full preprocessed image, Fig-
ure 4.3a the result is shown in Figure 4.3b.
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(a) Original (b) All detected Houghlines (c¢) Chosen wire edges

Figure 4.3: Houghline detection for finding the wire edges

All detected lines are then passed through a function that scores pairs of lines where
parallelism is favored. The result from this operation performed on Figure 4.3b can
be viewed in Figure 4.3c.

Search-Space Definition

The wire edges in Figure 4.4a is then used to find the contact tip by moving the
lines outward from the wire center, extending them upward and performing a search
in the Canny edge map to find the contact tip edge on both sides of the wire, as
shown in Figure 4.4b.

(a) Canny edges (b) Contact tip detection

Figure 4.4: Contact tip detection

The bottom of the search-space is then chosen as the base metal surface. The ori-
entation of the search-space is chosen based on the angle of the wire, defined as the
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angle of the longest wire edge. The resulting search-space box can be viewed in
Figure 4.5.

Figure 4.5: Searchspace visualization: searchspace box (blue), contact tip points
(red), basemetal level (yellow)

Wire tip

The location of the wire tip is chosen as the lowest point of the best fitting wire
contour. The best fitting contour with the lowest point marked as the wire tip can
be viewed in Figure 4.6.

Figure 4.6: Contour with the wire tip
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Weld pool

The weld pool found using the Canny edge map of the search-space and a wire
centerline, concluded from the wire edges, as shown in Figure 4.7a. An image with
droplets in between the wire tip and weld pool, in which the detection algorithm
removes the droplet edges and correctly identifies the weld pool can be viewed in
Figure 4.7b.

(a) Without droplets (b) With droplets

Figure 4.7: Weld pool detection

Solid-molten transition

To find the solid-molten transition using the texture change of the wire surface a
glare mask is applied to Figure 4.8a. The glare mask found on the laser-lit image
can look like as shown in Figure 4.8b.

»
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(b) Glare mask with transition
(a) Original image point

Figure 4.8: Solid molten transition point based on wire texture
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The tapering point is found by identifying where the wire edge deviates outside a
threshold over multiple consecutive steps along the extended wire edges, as shown
in Figure 4.9b.

(a) Original image (b) Tapering point detection

Figure 4.9: Solid molten transition point based on wire tapering

Arc characteristics

The preprocessing of the arc is different than for the other feature extractions, and
the image was kept closer to the raw footage. Then the arc ROI is extracted from
the image, as shown in Figure 4.10.

Figure 4.10: ROI of arc marked in original image
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The results from the plasma channel detection can then be viewed in Figure 4.11,
where (a) is the edge overlay on the full image and (b) on the ROI.

(a) Full image (b) ROI

Figure 4.11: Plasma channel edges, typically called as arc wall

The attachment ROI is also extracted from the image and the results after the anal-
ysis is as shown in Figure 77.

(a) Full image with ROI (b) Plasma attachment (c¢) Zoomed in view of
search box points plasma attachment points

Figure 4.12: Plasma attachment points detection flow
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4.2.3 Droplets and Spatters

This section presents the tracking performance of droplets and spatters across the
analyzed video sequence. The results are characterized by a combination of spatial
trajectory data and instantaneous velocity profiles derived from high-speed backlit
imaging.

Qualitative Tracking Visualization

Figure 4.13 displays a representative frame from the tracking sequence. The backlit
configuration allows for precise localization of the wire tip, the tapering point, and
the resulting metal transfer. The tracking algorithm distinguishes between primary
droplets, which follow a predictable path toward the weld pool, and smaller spatters,
which often exhibit more erratic or high-velocity motion. The visualization confirms
the alignment of the droplet D7 along the central axis of the electrode.

Figure 4.13: Backlit tracking visualization showing the detection of the wire tip,
tapering point, spatters, and droplet D7 moving toward the weld pool.

Trajectory Analysis

The spatial evolution of the tracked features is plotted in Figure 4.14. The x-position
plot reveals that most droplets (D0-D9) maintain a very stable lateral position,
centered roughly between 375 and 385 pixels, indicating a highly directional spray
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transfer.

As the y-axis of the image coordinates are inverted, the position of the objects
may seem going upwards, but instead it is actually going downward. The y-position
plot shows distinct linear slopes for each droplet, representing their downward flight.
Notably, spatter track SO (indicated by the dashed line) shows a significantly steeper
and more prolonged vertical displacement compared to the droplets, suggesting a
different ejection mechanism or higher initial momentum.

Tracked Droplet/Spatter X Position vs Frame
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Figure 4.14: Temporal evolution of x and y coordinates of droplets and spatters.
Droplets show consistent lateral stability, while vertical slopes indicate steady down-

ward acceleration.

Velocity Analysis
Instantaneous velocity profiles are calculated from frame-to-frame displacement, as
shown in Figure 4.15. The velocity data reveals a clear distinction between object
types:
« Droplets (D0-D9): Exhibit relatively low and stable velocities, generally
ranging between 1 and 4 px/frame.
« Spatters (S0): Track SO shows a dramatic velocity spike, accelerating from
2 to over 12 px/frame in a very short duration (frames 200-230).
The high-frequency oscillations observed in the droplet velocity curves (e.g., D2 and
D3) are likely indicative of sub-pixel tracking noise or slight shape deformations
(oscillations) of the molten metal during flight.
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Tracked Droplet/Spatter Velocity
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Figure 4.15: Velocity profiles of droplets and spatters, showing the contrast be-
tween steady droplet motion and the high-velocity excursion of spatter SO.
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4.3 Data Preparation

The anomaly detection results can be viewed in Table 4.2.

Table 4.2: Anomaly detection results

Machine | CTWD (mm) | WEFS (m/min) | Total frames | Anomaly frames | Share (%)
2 12 10 19 974 199 1.00
2 13 10 42 284 921 2.18
2 20 10 41 204 393 0.95
2 20 13 41 857 2235 5.34
2 20 16 42 014 3 836 9.13
2 20 16 18 473 1945 10.53
2 10 ) 19 923 76 0.38
2 15 ) 20 225 288 1.42
2 20 5 20 234 653 3.23
2 20 ) 20 081 129 0.64
2 10 6 19 944 1972 9.89
2 15 6 39 669 1024 2.58
2 15 6 38 190 495 1.30
2 12 7 40 772 1590 3.90
1 12 10 41 897 1784 4.26
1 17 10 41 609 569 1.37
1 17 10 41 462 866 2.09
1 20 10 41 703 796 1.91
1 15 15 41 657 5 101 12.24
1 15 15 41 695 2532 6.07
1 20 ) 41 948 468 1.12

Both All All 716 815 27 872 3.88

All anomaly reasons in descending order can be viewed in Table 4.3, multiple anoma-
lies can exist within the same frame. The variable mm_ to_px corresponds to miss-
ing wire edges, which makes the pipeline abort the full analysis of the specific frame.

Table 4.3: Anomaly reasons

Anomaly reason Count | Share of anomaly reason
Jump: weldpool y |13 308 44.57%
Missing: mm_ to_ px | 11 582 38.80%
Missing: weldpool y | 4 966 16.63%
Jump: mm_ per px 1 0.0%

After the interpolation, when fewer than 10 consecutive frames were flagged due to
missing or abnormal values, the portion of missing data was reduced to 1.49%, see

Table 4.4.

Table 4.4: Anomaly interpolation results

Total frames

Total anomaly frames

Anomaly share

716 815

10 694

1.49%
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4.4 State estimation

Below are the state estimation results for each of the evaluated models.

4.4.1 ARX

The selected model for both the wire tip to weld pool distance and the tapering
point to weld pool distance excluded previous outputs from the input space, and
used 50 previous inputs without delay. A line plot of the predictions and true values
in a sample can be viewed in Figure 4.16. A box plot of the residuals for a selection
of buckets can be viewed in Figure 4.17. At last, a scatter plot of the predictive
performance of both models on all sets is available in Figure 4.18.
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Figure 4.16: Line plot of ARX model outputs across a test subsample
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Figure 4.17: Box plot of the ARX model performance on the test data
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Figure 4.18: Scatter plots of predicted versus measured distances by ARX. The
first row shows the wire tip-to-weld pool distance model, while the second row shows

the tapering point-to-weld pool distance model. Columns correspond to the training,
validation, and test datasets.
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4.4.2 NARX

The selected model for both the wire tip to weld pool distance and the tapering
point to weld pool distance excluded previous outputs from the input space, was of
the second degree, and used 50 previous outputs without input delay. A line plot
of the predictions and true values in a sample can be viewed in Figure 4.19. A box
plot of the residuals for a selection of buckets can be viewed in Figure 4.20. At last,
a scatter plot of the predictive performance of both models on all sets is available
in Figure 4.21.
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Figure 4.19: Line plot of NARX model outputs across a test subsample
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Figure 4.20: Box plot of the NARX model performance on the test data
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Figure 4.21: Scatter plots of predicted versus measured distances by NARX. The
first row shows the wire tip-to-weld pool distance model, while the second row shows

the tapering point-to-weld pool distance model. Columns correspond to the training,
validation, and test datasets.
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4.4.3 XGBoost

This section includes scatter plots across train, test, and validation splits used across
all the models, along with line plot over a sample of test data and a box plot for all
test results for the output features.
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Figure 4.22: Line plot of XGBOOST model outputs across a test subsample

The line plot of both outputs in Figure 4.22 shows that the mean value and trend
are captured well, but the model struggles with sudden, abrupt changes.
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Figure 4.23: Box plot of the XGBOOST model performance on the test data
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The box plot across both outputs is shown in Figure 4.23. First plot shows that the
residual is a lot higher in the range of 0.2 - 0.1 while the lower ends are comparatively
less, meanwhile the residual for the range more than 2 is a lot higher compared to
the lower ends. It shows a pattern of having the model perform better in very low
values, which are less than 1, rather than higher values of more than 2.
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Figure 4.24: Scatter plots of predicted versus measured distances by XGBOOST.
The first row shows the wire tip-to-weld pool distance model, while the second row
shows the tapering point-to-weld pool distance model. Columns correspond to the
training, validation, and test datasets.

The scatter plots across train, test, and validation splits for both outputs seem to
converge to a straight line with minor deviations in validation and test data for
larger distances.
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4.4.4 Parallel ensemble

The results from the parallel ensemble experiments showed that the extra trees had
the best performance on estimating the wire tip to weld pool and the tapering point
to weld pool distance. The final model selected the largest window size and rolling
window sizes of 50 and 100, respectively. A sample of the test performance on each
target variable is available in Figure 4.25.
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Figure 4.25: Line plot of the Extra Trees model outputs across a test subsample
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Figure 4.26: Box plot of the Extra Trees model performance on the test data
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Figure 4.27: Scatter plots of predicted versus measured distances by extra trees.
The first row shows the wire tip-to-weld pool distance model, while the second row
shows the tapering point-to-weld pool distance model. Columns correspond to the
training, validation, and test datasets.
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4.4.5 Neural NARX

This section includes scatter plots across train, test, and validation splits used across
all the models, along with a line plot across the subsample test data and a box plot
across the same subsample test data for output features.
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Figure 4.28: Line plot of the NN-NARX model outputs across a test subsample
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Figure 4.29: Bucket plot of the NN-NARX model performance on the test data
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Figure 4.30: Scatter plots of predicted versus measured distances by Neural
NARX. The first row shows the wire tip-to-weld pool distance model, while the
second row shows the tapering point-to-weld pool distance model. Columns corre-
spond to the training, validation, and test datasets.
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4.4.6 LSTM

This section includes scatter plots across train, test, and validation splits used across
all the models, along with a line plot across the subsample test data and a box plot

across the same subsample test data for output features.
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From the line plot in Figure 4.31, it can be understood that LSTM shows similar
performance to XGBOOST in terms of capturing mean value and overall trend, but

Line plot of tapering to weldpool distance vs time step

—— Estimated

Time Steps

Line plot of wiretip to weldpool distance vs time step

M A {.w

3

w

|

A ’M m,__ﬂk,\’i\rw /\ FL\
IR

— True
~— Estimated

=)

200

400
Time Steps

Figure 4.31: Line plot of LSTM model outputs across a test subsample

it fails to respond to rapid changes in the wire tip to weld pool data.
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Figure 4.32: Box plot of LSTM model outputs across a test subsample
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The results of the box plot for both outputs of the LSTM model in Figure 4.32
differ from XGBoost in that the variation of residual is larger across the values and
doesn’t show a clear trend.
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Figure 4.33: Scatter plots of predicted versus measured distances by LSTM. The
first row shows the wire tip-to-weld pool distance model, while the second row shows
the tapering point-to-weld pool distance model. Columns correspond to the training,
validation, and test datasets.

The scatter grid in Figure 4.33 shows that the model tries to capture the mean value
with higher variations for larger values and very small values.

65



4. Results

4.4.7 Evaluation

This section includes metrics used for evaluating different model architectures ex-
plored on the test data for output feature, which includes RMSE, MAE, RRSE,
R2, Pearson coefficient, along with a plot of features used versus average feature
importance of all models for both outputs.

Tables 4.5 and 4.6 show that the tree-based models achieved the strongest overall
performance. For the wire tip-to-weld pool distance, Extra Trees achieved the best
performance across all reported metrics. For the tapering point-to-weld pool dis-
tance, XGBoost achieved the lowest RMSE and MAE, while Extra Trees achieved
the best RRSE, R2, and Pearson correlation.

Table 4.5: Best performance achieved by each model on test data, estimating wire
tip to weld pool distance.

Model RMSE (mm) | MAE (mm) [ RRSE| R2 [Pearson
ARX 1.115 0.877 0.878 [0.214| 0.480
NARX 1.052 0.806 0.807 [0.349| 0.595
Extra trees 0.681 0.478 0.540 | 0.708 | 0.845
XGBoost 0.688 0.491 0.545 [0.702| 0.838
Neural NARX 0.860 0.633 0.681 [0.536| 0.735
LSTM 0.731 0.504 0.579 10.664 | 0.820

Table 4.6: Best performance achieved by each model on test data estimating ta-
pering point to weld pool distance.

Model RMSE (mm) | MAE (mm) | RRSE| R2 [Pearson
ARX 1.306 0.979 0.867 [0.191 ] 0.522
NARX 1.154 0.894 0.768 [0.410| 0.644
Eixtra trees 0.779 0.566 0.012 [0.738 | 0.864
XGBoost 0.773 0.562 0.537 [0.710| 0.844
Neural NARX 1.026 0.799 0.679 10.539| 0.734
LSTM 0.792 0.572 0.550 [0.696 | 0.837

The feature importance in Figure 4.34 shows that current has the most influence
on the outputs on average across the output features and the model architectures,
along with power, voltage, and the delta of voltage and current. WE'S has the least
influence on the outputs.
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Combined Feature Importance
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Figure 4.34: Average Feature importance analyzed for all model architectures

The average RMSE of both output and rolling input window sizes from 0 to 100
frames indicates that larger window sizes are better for performance than shorter
window sizes. A window size of 75-100 increases performance and yields the best
results in terms of RMSE.
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Discussion

5.1 Data acquisition

The two imaging setups exhibited considerably different characteristics in terms of
feature visibility and reliability. Laser-lit recordings contained strong reflections
that introduced artifacts and interfered with edge-based segmentation and contour
extraction. These artifacts produced unstable detections, making the results less
reliable for robust feature extraction. In contrast, the back-lit setup produced high-
contrast silhouettes with more clearly defined object boundaries, improving the ro-
bustness of edge and contour detection as well as downstream feature extraction.
Consequently, the final regression modelling was restricted to back-lit footage, while
laser-lit footage was mainly evaluated as part of the image-analysis comparison.

5.2 Computer Vision-Based Detection of Welding
Features

The most robust features detected in the computer vision analysis were the wire
edges, contact tip and wire tip. Among these, the wire edge detection showed the
most consistent performance. However, this should partly be interpreted as a conse-
quence of its central role in the analysis. Since wire edge detection was a prerequisite
for downstream feature extraction steps, it was prioritized during development and
refined iteratively. The missing mm_to_px values identified during anomaly detec-
tion were due to frames in which the wire was not visible, rather than incorrect edge
detection in usable frames. In addition, the relatively consistent experimental setup
made it possible to apply narrow spatial and geometric constraints, likely contribut-
ing to the high detection rate.

The contact tip was also detected reliably when visible in the image, mainly due to
its well-defined edges and its distance from the arc region. Wire tip detection was
generally robust, although the presence of the arc occasionally distorted the lower
part of the wire, causing the detected edge to become fragmented or temporarily
undetectable. In such cases, the detected wire tip often shifted to the nearest de-
tectable edge close to the true wire tip position. This introduced a local positional
error, but the deviation was considered small (a few tenths of mm) relative to the
scale of the target distances since the detections remained close to the true position
and the distortion occurred only during a limited part of each sequence.
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The weld pool was affected by similar detection problems as the wire tip due to its
proximity to the arc region. During periods of high arc intensity, the emitted light
sometimes distorted the weld pool edges to the extent that reliable detection was not
possible, resulting in missing or inaccurate detections. In some cases, the weld pool
was detected below its true position, while irregularly shaped droplets occasionally
caused false detections above the actual weld pool. To improve robustness, geo-
metric constraints and anomaly detection were implemented to identify physically
implausible positions or temporal inconsistencies. In addition, missing or anoma-
lous values were reconstructed using linear interpolation. Since the strongest arc
distortions typically happened over short time intervals, the interpolation method
helped maintain the temporal consistency of the weld pool position.

The solid-molten transition point extracted from laser-lit footage was less reliable in
frames when the glare was inconsistent across the wire, making the gaps too large
for the algorithm to bridge. This occasionally caused incorrect localization of the
transition point. This was identified quickly, but a fix was de-prioritized since the
final analysis focused on back-lit footage, where the texture-based transition point
was not visible.

The tapering point detection was generally accurate based on qualitative inspection
of random samples. Although the exact tapering point is hard to define manu-
ally, the algorithm typically placed the tapering point in the correct region. Initial
inaccuracies were mainly caused by fragmented or slightly misaligned wire edge de-
tections, which affected the extrapolated edge lines used to identify the tapering
point. These inaccuracies disappeared when the wire edge detection was improved
through merging the shorter detected edge segments, increasing wire edge alignment.

The most challenging tasks in the computer vision analysis were developing robust
arc detection and plasma characterization. The main difficulty was the large vari-
ation in illumination strength and arc intensity across the recorded videos, which
made a fixed threshold unsuitable for reliable arc and plasma channel detection.
Automatic thresholding and gradient-based edge identification improved the results,
but arc-related features still showed the lowest robustness among the evaluated fea-
tures. Missed detections mainly occurred when the arc was too faint to be separated
from the background, or when the wire tip and weld pool were in contact, making
the arc region visually ambiguous.

Droplets and spatters are assumed to be approximately circular, so a Simple Blob
Detector was used. This assumption fails when droplets merge during short-circuit
transfer, producing irregular shapes that are not consistently classified. Reducing
minCircularity below 0.5 increases sensitivity to such cases but introduces false
detections from partial structures, especially wire tip overlaps. In laser-lit images,
specular reflections further create false circular blobs, while back-lit imaging reduces
this issue due to cleaner silhouettes.
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Classification is based on simple area and position rules, which are effective and
interpretable but depend on manually tuned thresholds that vary with image scale
and setup. Even though the area is limited within the weld pool, it is to be noted
that spatters can also be outside of the weld pool area, typically stuck to the plate
are classified as bad spatters. Tracking is performed using a Kalman filter with
nearest-neighbor matching due to noisy measurements and weak visual consistency
across frames. More complex appearance-based or global optimization methods were
avoided because droplet appearance is not stable over time. The constant-velocity
model works for smooth motion but fails during merges, splits, or sudden accel-
eration events. Greedy matching is used for efficiency but can lead to incorrect
associations when multiple droplets are close together.

To reduce false detections, simple motion and duration constraints are applied, which
improves precision but removes short-lived or near-stationary events, especially dur-
ing short-circuit phases. Velocity analysis shows that spatters have higher acceler-
ation and shorter lifetimes, while droplets are slower and more stable, although
tracking gaps occur due to occasional missed or incorrect detections. Overall, the
approach remains fast and simple, but performance degrades in dense scenes where
droplets interact or overlap visually.

5.3 Data Preparation

The anomaly detection approach uses simple temporal and geometric rules instead
of a learned model. The main motivation for this choice is interpretability, since each
anomaly can be directly linked to a measurable condition such as missing values,
sudden positional jumps, or short-lived events. This makes the method straightfor-
ward, easy to debug, and avoids the need for training data or model tuning. An
additional advantage is that the logic is deterministic, meaning that the output does
not vary between runs and is not affected by dataset bias or overfitting.

This is particularly useful in welding data, where noise, reflections, and detection
errors are common and can easily mislead a learned anomaly detection model. How-
ever, the rule-based approach also has clear limitations. Since the rules are based
on manually chosen thresholds, performance depends on parameter tuning. If the
thresholds are too strict, normal variations are flagged as anomalies, while thresh-
olds that are too loose may fail to flag incorrect detections. The thresholds were
tuned for the provided dataset and manually verified, but may need to be adjusted
when applying the method to other imaging configurations or process conditions.

Analysis of the detected anomalies showed that missing weld pool values were the
most common cause of anomaly detection. The missing conversion rate between
mm and pixels is also a common reason. These two cases are closely related, since
the conversion rate can only be calculated when the wire edges are successfully de-
tected. The entire analysis depends on successful wire edge detection, if it fails, the
analysis of that particular frame is aborted. The most common reason they are not
found is that the wire isn’t visible within the frame at all, while a less frequent reason
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is that the arc brightness distorted the image enough to prevent wire edge detection.

Another limitation is the lack of longer temporal patterns, where each frame is eval-
uated mostly independently or using short windows. Therefore, longer temporal
patterns such as gradual drift and slow degradation is not captured as efficiently.
The method also treats all features equally, even though some signals are more phys-
ically meaningful than others. In addition to this, the system cannot adapt to new
data or changing process conditions, unlike learning-based approaches. Any new
failure mode must be manually encoded as another rule, which makes the approach
less scalable.

Overall, the method is robust and explainable, but rigid and limited in its ability
to capture complex or evolving system behavior. Further work could investigate
autoencoders or other machine-learning-based anomaly detection methods, as well
as additional rule-based criteria derived from welding process physics.

Linear interpolation was applied to minimize data loss after anomaly removal. The
limit of 10 consecutive frames was selected as a compromise between preserving as
much data as possible and avoiding the introduction of synthetic erroneous data.
During a 10-frame interval, approximately 1 ms passes, corresponding to roughly
one fifth of a pulse cycle. Over such short durations, the wire tip and weld pool po-
sitions typically move continuously, which motivates the use of linear interpolation
for short missing intervals.

During the initial statistical model training, it was observed that the upsampled
data resulted in substantially longer processing times, since it contained 20 times
more data points than the down sampled data. However, the voltage and current
measurements used as model inputs were [IR-filtered with 15kHz cut-off, which re-
moved much of the high-frequency content present in the analog signals. As a result,
the additional samples introduced through upsampling mainly increased the tem-
poral resolution of already smooth signals rather than providing substantially more
additional process information. Therefore, the upsampled dataset did not appear to
improve the predictive capability of the evaluated models sufficiently to justify the
increased computational cost. It should be noted, however, that signal processing on
the order of microseconds may still be required for detecting fast transient events,
such as short-circuit breakage, in a real-time control system. Subsequent model
training was therefore performed using the down sampled dataset, which provided
a more practical tradeoff between computational cost and predictive performance.

5.4 Estimation of Welding Features

The statistical and machine learning models showed clear differences in how they
handled the temporal and nonlinear characteristics of the welding process. An ob-
servation made when fitting autoregressive models was that the one-step-ahead per-
formance was substantially better than the performance in freerun closed-loop simu-
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lations. In autoregressive models, previous outputs are used as inputs for subsequent
predictions. During initial training, the implemented procedure used the true previ-
ous output values as input variables. Since consecutive target values were strongly
correlated, with d;1 =~ d;, the models could achieve low prediction errors simply by
propagating recent output values forward. However, when the models were evalu-
ated in closed-loop simulation using their own previous predictions as inputs, small
local prediction errors accumulated over time and propagated into future inputs.
This caused the estimates to gradually drift, resulting in poor long-term prediction
performance. This showed that one-step-ahead accuracy alone was not a reliable
indicator of model suitability for real-time state estimation. One possible improve-
ment would be to include detected short-circuit events as an additional event feature
or reset condition, since these events are clearly visible as voltage drops.

To address this issue, alternative training strategies were investigated, including
using only past input signals as model inputs, mixing true outputs with model
predictions during training, and excluding previous true outputs entirely. These
experiments highlighted an important limitation of purely autoregressive models
for this application, their sensitivity to error propagation in recursive operation.
Consequently, model selection for autoregressive models was based on free-run per-
formance on unseen test data rather than only one-step-ahead prediction accuracy.
In the freerun setting, the model cannot rely on true previous target values during
prediction. This better reflects the conditions of a real-time implementation, where
future ground-truth image-derived features are not available.

Another important challenge during model development was overfitting to the train-
ing data. The more advanced models consistently achieved better performance on
the training data than on the validation and test data. A likely reason was the
relatively small number of welding sequences combined with the large variation of
process settings between sequences. Variations in welding machines, waveform char-
acteristics, WFS, and process parameters created significantly different operating
conditions and dynamics across the dataset. When entire sequences were assigned
exclusively to training, validation, and test partitions, the resulting data distribu-
tions differed considerably.

To reduce this distribution mismatch, the longer sequences were split into shorter
subsequences before partitioning. This allowed all parameter settings to be repre-
sented across the training, validation, and test datasets. However, this approach
also reduced the statistical independence between the partitions, since subsequences
from the same welding sequence could still share similar temporal patterns. The
evaluation should therefore be interpreted as measuring the generalization across
operating conditions within the available dataset, rather than complete generaliza-
tion to entirely unseen welding processes.
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5.4.1 Evaluation of model performance

The evaluated autoregressive models showed different behavior depending on how
strongly they relied on previous outputs. The linear ARX models were generally un-
able to capture the nonlinear dynamics present in the welding process. The nonlinear
ARX models improved the representation of nonlinear relationships by expanding
the regressor space through nonlinear combinations of lagged variables. However,
this also increased the dimensionality of the input space, increasing computational
cost and overfitting.

The tree-based ensemble methods generally handled the nonlinear relationships more
effectively than the autoregressive models. XGBoost captured complex local de-
pendencies between electrical signals and geometric features. Still, the estimates
showed a clear regression-to-the-mean effect, with small target values overestimated
and large target values underestimated. This was probably caused by the imbalance
in the target distributions, together with the limited number of samples representing
extreme operating conditions. Since tree-based models cannot extrapolate outside
the value range observed during training, prediction errors increased near the bound-
aries of the target distributions. Since each time step is treated independently, the
model lacks representation of temporal continuity. As a result, the estimations
react strongly to instantaneous changes in the electrical signals, producing jitter.
Although this enabled the model to capture sharp local changes, it struggles to
maintain smooth and consistent behavior over time.

The Extra Trees model showed more stable generalization behavior than the other
evaluated ensemble methods. A likely explanation is the increased randomness in-
troduced during tree construction, where both split variables and split thresholds are
randomized. This reduces the tendency to fit sequence-specific correlations or noise
patterns in individual lag variables. Compared with XGBoost, which sequentially
focuses on correcting previous residuals, Extra Trees produced smoother and more
stable predictions across different operating conditions. This suggests that, for the
available dataset, robustness to noise and dataset variability was more important
than optimizing local prediction accuracy.

The LSTM was evaluated to investigate whether incorporating temporal dependen-
cies could improve prediction performance. Compared with tree-based methods,
the LSTM retains information from previous states and is therefore more suitable
for modeling the cyclic and time-dependent characteristics of the welding process.
The results showed that the LSTM better preserved the overall waveform structure
and phase behavior of the target signals, particularly for the wire tip to weld pool
distance. This indicates that temporal dependencies in the electrical signals contain
information related to the underlying geometric welding features. The recurrent
structure allowed the model to learn broader process dynamics rather than relying
only on instantaneous relationships between lagged variables and outputs.

However, the recurrent state representation also introduced a smoothing effect, caus-
ing rapid local variations to be underestimated. While the estimations appeared
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more temporally consistent than those from XGBoost, the model struggled to re-
produce sharp drops and high-frequency fluctuations. Similar to the other evaluated
models, the LSTM also showed reduced accuracy near the boundaries of the target
features, indicating that temporal modeling alone was insufficient to fully capture
rare events.

Although the tree-based models do not explicitly model temporal dependencies, the
inclusion of lagged measurements and engineered temporal features introduced a fi-
nite temporal context into the input representation. Features such as rolling means,
rolling standard deviations, and slopes within the window size allowed the models
to capture short-term process dynamics and local temporal trends without main-
taining an internal recurrent state. This likely contributed to the comparatively
strong performance of the ensemble methods despite their lack of explicit sequence
modeling. However, unlike the LSTM, the temporal dependencies are limited to
constant window size and manually engineered summaries, which may restrict the
ability to capture longer-range or evolving process dynamics.

The differences in estimation performance between target variables also suggest that
some welding features are more observable from electrical signals than others. The
wire tip to weld pool distance was predicted more accurately than the tapering point
to weld pool distance across most evaluated models. A likely explanation is that
the wire tip distance exhibited a clearer cyclic structure and stronger coupling to
the pulsed welding dynamics visible in the electrical measurements. In contrast, the
tapering point distance varied within a narrower range, exhibited noisier behavior,
and was more sensitive to uncertainty in the image-based feature extraction. This
made the underlying input-output relationship more difficult for the models to learn
consistently.

A recurring pattern across nearly all evaluated models was substantially better per-
formance on the training data than on the validation and test data, indicating limited
generalization to unseen welding conditions. A likely explanation is the relatively
small number of welding sequences combined with the large variation in process
settings between sequences. Differences in welding machine, waveform characteris-
tics, wire feed speed, CTWD, and process settings created substantially different
operating regimes across the dataset. This increases the complexity of the learning
problem, since similar electrical signal patterns may correspond to different physical
process states depending on the operating conditions. As a result, the models may
partially learn sequence-specific relationships rather than general process dynamics.

The performance of the evaluated model architectures is not yet sufficient for adap-
tive control implementation. However, increasing dataset size and diversity, reduc-
ing target imbalance, and exploring hybrid model architectures that combine the
strengths of the evaluated approaches could improve the feasibility of the proposed
soft-sensing methodology.
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Conclusion

In this thesis, we developed and evaluated an image-based soft-sensing framework
for estimating geometric features in a GMAW-P welding process using electrical
measurements and static process context. The results show that the imaging setup
strongly influences the reliability of classical vision methods. Laser illumination im-
proves visibility of wire and arc-related structures but introduces specular reflections
that generate false features. Back-lit imaging provides cleaner silhouettes with more
stable boundaries, providing more reliable extraction of wire tip, contact tip, and
weld pool positions.

Classical edge and contour-based methods perform well for clearly defined geomet-
ric structures but are unreliable for diffuse or illumination-dependent features. Arc
and plasma regions are particularly unstable due to intensity fluctuations and weak
boundary definition. While adaptive thresholding and gradient-based techniques
improve consistency, robustness across full sequences remains limited.

The combined dataset, formed by synchronizing electrical signals (current, voltage),
process parameters (WFES), and vision-based geometric features, enables time-series
modeling of welding behavior. A range of models was evaluated, including autore-
gressive models, tree-based ensembles, NN-NARX, and LSTM networks, to capture
both temporal structure and nonlinear relationships.

Across models, predictions consistently capture the overall cyclic trends and general
directional behavior of the target variables, reflected in correlation with the image-
derived reference measurements. Performance differences are primarily driven by
how each model handles noise, temporal structure, and distribution imbalance, with
more flexible models better capturing nonlinear dynamics but also showing increased
sensitivity to sparse regions and outliers.

For further development toward closed-loop control, increasing dataset size and di-
versity is critical to reduce overfitting to narrow operating regimes. Incorporating
additional process descriptors such as CTWD and other contextual variables would
further constrain the learning problem and improve generalization in industrial con-
ditions. To address merged droplets, manually annotated data could be used to
train and evaluate more advanced deep-learning-based detection or segmentation
methods. Also, as different model architectures have their own advantages, combin-
ing model outputs through ensemble or hybrid approaches could help improve the
performance. In addition, evaluating model performance across different frequency
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ranges could provide further insight into how well the models capture both slow
process trends and fast transient behavior.

Overall, the thesis supports the feasibility of using electrical process signals for soft
sensing of selected geometric welding features in GMAW-P, but further work is
required before the approach can be considered sufficiently accurate and robust for
adaptive control.
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Appendix 1

CONFIG = {
# General parameters
"wire_width_mm": 1.0,

"wire tool transition": {
"offset_from_center": 10,
"start_offset": 50,
"extend_upward": 1000,

s

"wire_searchspace": {
"top_shift_px": 5,
"length_scale": 1.2,
"width_scale": 3,

s

"solid molten_transition": {
"width_threshold_px": 10.0,
"min_run": 10,

¥,

"weldpool": {
"min_edge width_px": 1,
"scan_half width_px": 10,
"remove_circular_droplets": True,
"droplet _min_area_px": 1,
"droplet_circularity_threshold": 0.4,
"show _verification": False,

}’

"wire contour": {
"min_length": 100,
"min width": 2,
"max_width": 1000,
"max_angle": 30.0,
"min h to_w": 1,
"split_threshold": 400,
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}’

"anomaly detection": {
"min_anomaly_score": 1.0,
"jump_mean_pct_threshold": 0.20,
"window_size": 30,
"short_life max len": 2,
"jump_weight": 1.0,

"missing weight": 1.0,
"transient_weight": 2.0,

# Laserlit parameters
"laserlit": {
"laserlit_edge": {
"cannyl": 25,
"canny2": 90,
"morph": True,

T,

"laserlit basemetal": {
"min_edge_pixels": 2,
"min_edge_width": 10,

1,

"laserlit wire_edges": {
"hough threshold": 10,
"min_line_length": 30,
"max_line_gap": 15,

"rho": 1,

"theta": np.pi/360,
"min_length": 30,
"angle_tolerance_deg": 3.0,

"vertical_tolerance_deg": 10.

"min_x_distance": 25,
"max_x_distance": 50,

I

"laserlit contours": {
"cannyl": 25,
"canny2": 75,

"morph": True,

}’

IT
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};

"laserlit_ tapering point": {
"search_window_radius": 8,
"vicinity_radius": 2,

"max consecutive misses": 2,

},

"arc_detection": {
"plasma_channel_edge": {

};

"box width": 150,
"search_band_height": b,
"track_window": 5,
"min_gradient_score": 3.0,
"gradient_std_factor": 0.05,

"plasma_channel attachment": {

"box_width": 80,
"box_height": 80,
"blur_kernel": 5,
"std_threshold factor": 0.75,
"percentile_threshold": 85,

# Backlit parameters

"backlit": {
"backlit_edge": {
"cannyl": 75,
"canny2": 125,

"morph": False,

T,

"backlit basemetal": {
"min_edge_pixels": 2,
"min_edge_width": 10,

},

"backlit_wire_edges": {
"hough threshold": 15,
"min_line_length": 30,
"max_line_gap": b,
"rho": 1,
"theta": 1,
"min_length": 30,
"angle_tolerance_deg": 2.0,

ITT
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IV

"vertical_tolerance_deg": 15.0,
"min_x_distance": 30,
"max_x_distance": 100,

s
"backlit_contours": {
"cannyl": 75,
"canny2": 125,

"morph": False,

},

"backlit_tapering point": {
"search window_radius": 8,
"vicinity_radius": 1,

"max consecutive misses": 2,

},

"arc_detection": {

"plasma_channel edge": {
"box_width": 150,
"search_band_height":8,
"track_window": b,
"min_gradient_score": 1.3,
"gradient_std_factor": 0.10,

s

"plasma_channel_attachment": {
"box_width": 80,
"box_height": 80,
"blur_kernel": 5,
"std_threshold_factor": 0.85,
"percentile_threshold": 95,
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CONFIG = {
"preprocessing": {
"input_path": str(PROJECT_ROOT / "output" / "measurements"),
"detect_path": str(PROJECT_ROOT / "output" / "detect" / "csv"),
"anomaly_path": str(PROJECT_ROOT / "output" / "anomaly" / "csv"),
"h5 input_path": str(PROJECT_ROOT / "data" / "backlit" / "to_be_processed")
"h5 output_path": str(PROJECT_ROOT / "output" / "measurements"),
"output_path_org": str(PREDICTIVE ROOT / "data" / "merged_org"),
"output_path_clipped": str(PREDICTIVE_ROOT / "data" / "merged_clipped"),
"output_path_clipped norm": str(PREDICTIVE ROOT / "data" /
"merged_clipped_norm"),
"interpolation": {
"interpolation_columns": [

"plasma_attachment_height",

"plasma_channel avg _width",

"tapering y",

"weldpool_y",

"wiretip_y",

"tooltip_x1",

"tooltip_x2",

"tooltip_y1l",

"tooltip_y2",

"mm_per_px",

1,

+s
"max_anomaly_length": 10,
"upsample": False,

"split": {
"target_col": "wiretip_to_weldpool_dist",
"history_cols": ["voltage", "current", "delta_voltage",

"delta_current"],

"context cols": ["wfs"],

"offline metadata_cols": ["wfs", "ctdw"],
"frame order col": "meas time",
"subsequence_length": 4_000,
"subsequence_split_gap_rows": 50,
"min_subsequence_rows": 1_000,
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VI

"train_fraction": 0.60,
"validation_fraction": 0.20,
"split_shuffle_trials": 2_000,
"random_state": 42,
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