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ABSTRACT

This study tests whether defective metal active gas (MAG) surfacing weld beads form distinct mechanism-specific
clusters in multimodal sensor space, with implications for machine learning (ML) pipeline design. A synchronized
acquisition platform integrating current and voltage signals at 10 kS/s, airborne acoustic sensing at 48—192 kHz,
and high-resolution post-bead imaging was developed and validated, then used in a three-phase campaign yielding
105 weld beads on S355 steel. Current-based descriptors strongly separate acceptable and defective beads, with
Cohen’s |d| = 1.34 for the current coefficient of variation and 1.42 for the spike rate. The arc-stability response
to voltage trim is strongly asymmetric, with current variability changing by a factor of 6.6 between trim = -3 V
and +3 V. Defective beads form two distinct clusters in PCA and t-SNE projections, corresponding to electrical
instability and insufficient material deposition. A baseline ML evaluation across five classifiers reached macro-F1
= 0.735 for the fused configuration. The findings provide quantitative pilot-scale evidence that defective weld
beads do not form a homogeneous class, that the borderline class is similarly heterogeneous, and that supervised-
learning pipelines for weld-bead quality assessment should be designed with mechanism-aware labels and sensor
coverage rather than aggregated quality categories. The reported baseline macro-F1 = 0.735 should therefore be
read as evidence that the extracted descriptors carry useful information for downstream supervised learning, not
as a final model ranking.

Keywords: MAG surfacing, weld bead quality, current—voltage signals, acoustic monitoring, multimodal sensing,
machine learning, sensor fusion.

INTRODUCTION physically meaningful, repeatable, and separable

between quality classes [5, 6]. Current and volt-

Quality assessment in arc welding and sur-
facing is still commonly based on post-process
inspection methods, such as visual examination,
radiographic testing, ultrasonic testing, or destruc-
tive evaluation [1]. Although these methods are
effective, they provide delayed feedback and do
not directly support data-driven process control or
machine-learning-based quality prediction [2]. For
this reason, in-process monitoring using current,
voltage, acoustic, and visual signals has become
a direction in automated weld quality assessment
[3, 4]. Machine-learning models for weld qual-
ity classification require sensor features that are

age signals are directly related to arc stability,
short-circuiting, and metal transfer, while acoustic
signals may reflect arc disturbances, droplet trans-
fer, spatter, and other dynamic process phenom-
ena [7, 8]. Optical data can additionally support
visual assessment of bead geometry and surface
condition [9]. However, before such signals are
used for supervised learning, it is necessary to
verify that the assumed quality labels correspond
to distinct, consistent regions in the feature space.
A key limitation of many classification-oriented
studies is that defective welds are often treated
as one homogeneous class. This assumption is
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convenient for binary or multi-class machine
learning, but it may be physically incorrect. Dif-
ferent process deviations, such as insufficient
material deposition, excessive short-circuiting,
unstable arc behavior, or geometric irregularities,
can result in the same final label while produc-
ing different signal signatures [10]. As a result,
a classifier trained only on the final quality class
may learn dataset-specific correlations instead of
mechanism-related process patterns. This study
addresses this problem through an experiment on
Metal Active Gas (MAG) surfacing of S355 steel.
A multimodal acquisition stand was developed to
record synchronized current, voltage, acoustic,
and visual data during automated bead deposi-
tion. The experimental campaign included stand
validation, parameter exploration, and design-of-
experiments refinement, yielding 105 weld beads.
The aim was to map process stability zones and to
evaluate whether the resulting sensor features pro-
vide a suitable basis for machine-learning-based
weld-bead quality assessment [11]. The contribu-
tion of this work is a mechanism-oriented analysis
of data for subsequent ML classification. The study
identifies current—voltage and acoustic descriptors
that separate acceptable, borderline, and defective
beads, examines the asymmetric response to volt-
age trim, and shows that defective beads do not
form a single uniform class in the feature space.
These results provide a basis for developing more
robust, mechanism-aware machine-learning mod-
els for weld quality assessment.

METHODOLOGY

Measurement stand and synchronization
validation

The experimental stand was designed for auto-
mated MAG surfacing of S355 steel. It included
a Kemppi X8 400 A power source operating in
synergic mode with G3Sil (EN ISO 14341-A;
formerly designated SG2) solid wire of 1.2 mm
diameter and M21 shielding gas (82% Ar + 18%
CO2, EN ISO 14175) [12]. Torch motion was
controlled by a numerically controlled station
using G-code commands sent from the host com-
puter. Beads were deposited on structural steel
S355J2+N (normalising-rolled) plates of nominal
dimensions 150 x 150 x 10 mm. All plates origi-
nated from a single heat (Heat No. 433763, batch
HO087446, QM batch 040011659892) produced
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by ArcelorMittal Poland S.A. in a basic-oxygen
process and supplied with an EN 10204 type 3.1
inspection certificate (yield ReH = 399 MPa,
tensile Rm = 543 MPa, elongation A5 = 28.2 %,
Charpy KV at -20 deg C = 181 J average; CEV
approx. 0.40). The plates were delivered in the as-
delivered (+N, normalising-rolled), non-pickled
state (plain black surface with mill scale); each
plate was therefore surface-ground and degreased
with Clino-3 solvent before any bead was depos-
ited, providing a repeatable, oxide-free working
surface. The same operator carried out the prepa-
ration for all plates, so the macroscopic surface
condition is held constant across the campaign.
The acquisition system recorded welding cur-
rent, arc voltage, acoustic signal, RGB video,
post-bead images, and plate temperature [13].
Current and voltage were sampled at 10 kHz
using LEM transducers and a National Instru-
ments USB-6341 unit [14]. Airborne acoustic
signals were recorded using a miniDSP UMIK-
2 sound-pressure measurement microphone at
48 kHz during stand validation and parameter
exploration (Plates PO-P7) and at 192 kHz for
the final DOE campaign (Plates P8-P13), which
provided all data used in the quantitative acoustic
and machine-learning analyses, while visual data
were acquired using an OAK-D Pro Wide PoE
camera. The main acquisition channels are sum-
marized in Table 1.

The remaining welding-procedure parameters
were held constant throughout the campaign and
are summarised in Table 2. The contact-tip-to-
work distance (CTWD), shielding-gas flow rate,
torch work and travel angles, and electrode polar-
ity were set on the bench, monitored by the oper-
ator, and unchanged between plates. Heat input
was derived from the recorded current-voltage
waveforms and travel speed; at nominal settings
(WFS = 5.0 m/min, voltage trim = 0 V, travel
speed = 600 mm/min) it averaged approximate-
ly 0.3 kJ/mm. The acoustic channel was sampled
at 48 kHz during stand validation and parameter
exploration (Plates PO-P7) and at 192 kHz for the
final DOE campaign (Plates P8-P13); the three
acoustic descriptors are RMS-envelope features
evaluated over 100 ms windows and are there-
fore insensitive to this sampling-rate difference.
Airborne acoustic sensing was selected over con-
tact acoustic-emission transducers because it is
non-intrusive and does not require coupling to the
workpiece; the trade-off is sensitivity to ambient
noise, addressed by the SNR descriptor.
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Table 1. Signal acquisition channel configuration

Channel Sensor / device Range Sample rate / fps Resolution
Welding current LEM HT 400-SBD (Hall) +400 A 10 kHz 16-bit
Welding voltage LEM CV3-200 0-200 V 10 kHz 16-bit

. o . ) 48 kHz (P0-P7) /192 .
Airborne acoustic signal | miniDSP UMIK-2 calibrated SPL kHz (P8-P13) 24-bit
RGB video and high- | 1y prg wide 1920 x 1080 30 fps 8-bit/channel
resolution image
Plate temperature BOSCH GIS 1000C -40 to +1000 °C manual, 3 points 0.1°C

Table 2. Welding-procedure parameters held constant throughout the campaig

Parameter

Value

Wire designation

G3Si1 (EN ISO 14341-A,; formerly SG2)

Wire diameter

1.2 mm

Shielding gas

M21 (82% Ar + 18% CO2, EN ISO 14175)

Gas flow rate

14 L/min (16 mm nozzle; matched to WFS and travel speed)

Contact-tip-to-work distance (CTWD)

15 mm

Torch work angle

90 deg (perpendicular to the workpiece)

Torch travel angle

0 deg (neutral, no push or pull)

Electrode polarity

DCEP

Metal-transfer mode

synergic (Kemppi X8 synergic curve for G3Si1 1.2 mm / M21)

Travel speed (nominal)

600 mm/min

Nominal heat input

approx. 0.3 kJ/mm (derived from recorded |, U and travel speed)

All modalities were synchronized in the
Python acquisition environment using a high-res-
olution monotonic timestamp source. Recording
began approximately 1 second before the weld-
ing command, providing a pre-buffer for post-hoc
alignment. The synchronization was intended for
bead-level feature extraction and ML analysis,
not for droplet-level event matching. Timing per-
formance was validated on Plate PO using three
nominal weld beads. All validation beads passed
the diagnostic procedure: the NI-audio start off-
set ranged from 120 to 350 ms, audio timestamp

jitter was 5.0 ms, the NI signal continuity ratio
was 1.0000, and no NI samples, audio blocks, or
buffer overflows were lost. The validation met-
rics are summarized in Table 3 and illustrated in
Figure 1. These results confirm that the stand was
suitable for preliminary multimodal data collec-
tion and subsequent feature analysis.

Experimental design

The experiment was organized in three stag-
es. Phase I consisted of stand validation on Plate

Table 3. Synchronization and acquisition validation metrics measured on Plate PO

Metric Unit Measured value Tolerance

Inter-modal start offset (Nl-audio) ms 120-350 (mean 227) <1000
Audio block timestamp jitter, o ms 5.0 <10
Nl—-audio duration mismatch ms 0-700 <1000
Video frame rate (RGB packets/duration) fps 30.0 301
NI dropped samples (over 3 beads) count 0 0
Audio dropped blocks (over 3 beads) count 0 0
Audio buffer overflows (over 3 beads) count 0 0

NI signal continuity ratio — 1.0000 >0.99
Baseline RMS (no arc, autozero applied) A 0.315 <1.0
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Figure 1. Acquisition timing validation on Plate PO. (a) Inter-modal start offset between NI and audio streams.
(b) Audio block timestamp jitter. (c) Duration alignment of recorded modalities

PO and included 3 weld beads. Phase II consisted
of parameter exploration on Plates P1-P4 and
included 32 weld beads. Travel speed, wire feed
speed (WFS), and voltage trim were examined
using single-parameter sweeps [15, 16]. Travel
speed ranged from 300 to 1000 mm/min, WEFS
from 1.5 to 8.0 m/min, and voltage trim from -4
V to +3 V [17]. Phase III consisted of design-of-
experiments validation with iterative refinement
and included 70 weld beads. Based on the explo-
ration results, a six-point design was selected

330

to represent nominal, borderline, and defective
process regions [18]. The final DOE points are
shown in Table 4.

In total, the experimental phase yielded 105
weld beads: 3 in Phase I, 32 in Phase II, and 70
in Phase III. The final analysis focused mainly on
the refined validation subset, while the explora-
tion sweeps were used to interpret the process
response to wire feed speed and voltage trim. All
weld beads were labeled offline using the post-
bead high-resolution images [19]. Each bead was
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assigned to one of three classes: acceptable, bor-
derline, or defective [20]. Acceptable beads were
continuous and geometrically regular. Border-
line beads showed local imperfections, such as
moderate spatter, irregularities at the start or end
regions, or minor geometric deviations. Defective
beads were characterized by discontinuity, severe
instability, unacceptable geometry, excessive nar-
rowing or widening, or visible surface defects
[21]. The visual modality was therefore primarily
used for quality labeling and interpretation, not as
an input feature stream in the baseline ML mod-
els, as per standards [19-21].

Within each Phase III plate, the spatial posi-
tion of each bead was randomised relative to the
deposition order (position sequence [1, 4, 8, 2, 5,
7, 3, 6]) to decorrelate plate-edge and local ther-
mal-neighbourhood effects from the order of dep-
osition. Plate temperature was measured before
every bead at three points (start, middle, end of the
future bead trace) with a BOSCH GIS 1000C; in

Phase IlI-final the inter-pass temperature ranged
from 19 to 205 °C. These readings are stored in the
bead-level metadata and are available as a poten-
tial covariate for downstream analysis but were
not used as input features in the baseline super-
vised models reported here (Figures 2 and 3).

Feature extraction and dataset preparation

For each weld bead, features were extracted
from the arc window, defined as the interval in
which the absolute current exceeded 20 A. The
first and last 10% of this interval were excluded
to reduce the influence of ignition and extinction
transients. Electrical descriptors included mean
current, current standard deviation, maximum
current, current coefficient of variation, mean
voltage, voltage standard deviation, and mean
electrical power. Spike rate was calculated as the
number of rapid current peaks exceeding twice
the mean current per second of arc time, and was

Acquisition example: DA_P0_S001 (nominal parameters)

(a) Welding current — 10 kHz sampling, NT USB-6341

0.0 2.5 5.0 7.5 10.0

(b) Welding voltage — synchronized with current

125 15.0 175 20.0

0.0 25 5.0 7.5 10.0
(c) Acoustic signal — 48000 Hz, miniDSP UMIK-2
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Figure 2. Example of synchronized multimodal acquisition for a nominal weld bead from Plate PO sample S1:
(a) welding current signal sampled at 10 kHz, (b) synchronized welding voltage signal, (c) acoustic waveform
recorded by the measurement microphone, (d) acoustic spectrogram in the 0—10 kHz range. The figure illustrates
the temporal alignment of the recorded modalities and the definition of the arc-active interval used in subsequent
feature extraction (Plate PO validation sample; airborne acoustic acquired at 48 kHz)
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Figure 3. Example S355 steel plate after the MAG
surfacing experiment, showing eight deposited weld
beads produced under different process parameters.
Post-bead images were used for offline quality
labeling into acceptable, borderline, and defective
classes

used as an arc-stability descriptor [22, 23]. For
samples with valid acoustic recordings, three
acoustic descriptors were extracted: arc-window
RMS amplitude, signal-to-noise ratio, and RMS-
amplitude variability over 100 ms windows. The
resulting dataset contained process parameters,
quality labels, current-voltage features, acoustic
features where available, and metadata identify-
ing the experimental phase and plate. Analyses
involving acoustic or fused feature sets used only
samples with the required acoustic features.

Machine-learning baseline

The extracted descriptors were used in a base-
line machine learning analysis [24]. The aim was
not to develop a production-ready classifier, but
to verify whether the pilot features contain useful
information for supervised classification of weld

bead quality [25]. The input space for the base-
line classifiers was restricted to sensor-derived
descriptors only. Process parameters (WFS, volt-
age trim, travel speed) and experiment-manage-
ment metadata (phase, plate identifier, bead index,
DOE point) were excluded from the predictor
set and used only for sub-setting and interpreta-
tion. This was a deliberate decision to prevent the
experimental design from being encoded as a fea-
ture, given that several DOE points were chosen
to target a specific intended quality class and could
otherwise act as a near-perfect label proxy. Three
input configurations were compared: current-
voltage features only, acoustic features only, and
fused current-voltage plus acoustic features [26].
Five standard classifiers were evaluated: Logistic
regression, k-nearest neighbors, random forest,
gradient boosting, and support vector machine with
a radial basis function kernel [27]. Class weight-
ing (class_weight = “balanced”) was applied uni-
formly to every model whose scikit-learn imple-
mentation supports it natively (logistic regression,
random forest, SVM). k-Nearest neighbours and
gradient boosting do not expose this parameter
in the configuration used here and were therefore
run without explicit class balancing; the imbal-
ance in the dataset is moderate (Acceptable 13 /
Borderline 12 / Defective 21) and the qualitative
ordering of classifiers is unaffected by this asym-
metry. Each classifier was implemented in scikit-
learn (1.5.x) and wrapped in a Pipeline whose first
stage is StandardScaler; the scaler was therefore
re-fitted inside every cross-validation fold on the
training partition only, preventing leakage of test-
fold statistics into preprocessing. Cross-validation
used StratifiedKFold with n_splits = min(5, n_
min_class), shuffle = True, random_state = 42; a
single set of out-of-fold predictions was produced
via cross_val predict and macro-F1 was comput-
ed once from those predictions. Classifier hyper-
parameters were the scikit-learn defaults except:
Logistic Regression (max_iter = 2000); k-Nearest

Table 4. Final six-point design of experiments used in the validation phase

DOE point WFS [m/min] Voltage trim [V] Travel speed [mm/min] Intended class
1 5.0 0 600 Acceptable
2 3.5 0 600 Acceptable/Borderline
3 6.5 0 600 Borderline(geometric)
4 5.0 -3 600 Defective (electrical)
5 5.0 +5 600 Borderline
6 1.5 0 600 Defective (geometric)
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neighbours (n_neighbors = 5); random forest (n_
estimators = 200); gradient boosting (n_estimators
= 200, max_depth = 3); SVM with RBF kernel
(default C, gamma = “scale”). All models used
random_state = 42 where applicable. No hyper-
parameter tuning was performed; this baseline is
intentionally untuned to match the pilot scale of
the dataset. The ML analysis was treated as a base-
line evaluation supporting the feature analysis, not
as a final classifier deployment.

RESULTS

Experimental campaign overview

The experimental campaign yielded 105 weld
beads across 14 plates. The dataset was distrib-
uted across three experimental phases: stand
validation, parameter exploration, and design-
of-experiments validation. The final validation
subset, referred to as Phase III-final, contained 46
weld beads: 13 acceptable, 12 borderline, and 21
defective (Figure 4). This subset was used for the
main feature-space and machine-learning analy-
ses. Table 5 summarizes the class distribution and
data availability across the experimental phases.
The earlier Phase I11-init subset was used mainly
for design refinement, whereas the refined Phase
III-final subset was used for the final stability-
zone and classification analysis.

Stability zones and parameter response

The distribution of weld bead quality labels in
the wire-feed-speed and voltage-trim space, the
same as in [28], is shown in Figure 5. The nomi-
nal region around WFS = 5.0 m/min and trim =
0 V produced predominantly acceptable beads
[29]. Borderline labels appeared mainly near the
edges of the operating window, particularly at
reduced or increased WFS and at positive voltage
trim [30]. Defective beads were concentrated in

two regions: negative voltage trim and extremely
low WFS [31]. This indicates that the final qual-
ity labels are not randomly distributed across the
parameter space but instead correspond to repeat-
able process regions.

The parameter sweeps from Phase II further
explain these regions. As shown in Figure 6a, the
response to wire feed speed was not monotonic
[32]. Very low wire feed speed produced high
current variability and a high number of rapid
current peaks per second, indicating unstable
deposition. At high wire feed speed, the current
signal became more stable, but the bead geometry
was no longer acceptable [33]. This shows that
electrical stability alone is not sufficient to guar-
antee acceptable bead quality [34]. The voltage-
trim response was strongly asymmetric, as shown
in Figure 6b. Negative voltage trim caused a rapid
increase in current variability and spike rate.

In contrast, positive voltage trim reduced cur-
rent variability [35]. The current coefficient of
variation, defined as the ratio of current standard
deviation to mean current, increased from approxi-
mately 0.15 at trim = +3 V to approximately 0.97
at trim = —3 V. The ratio between these values was
approximately 6.6, which quantifies the asymme-
try of the process response. This result indicates
that shortening the arc by negative trim destabiliz-
es the process much more strongly than increasing
the trim by a comparable magnitude [36].

Class separability based on current-voltage
features

The class separability analysis is summarized
in Table 6 and Figure 7. The strongest separation
was observed between acceptable and defective
beads [37]. The largest effect sizes were obtained
for spike rate, current coefficient of variation,
mean current, and mean electrical power [38].
For acceptable versus defective beads, Cohen’s
absolute effect size reached 1.42 for spike rate,
1.34 for current coefficient of variation, 1.21 for

Table 5. Per-phase breakdown of the experimental campaign with class distribution and audio data availability

Phase Description Plates n Acceptable Borderline Defective Audio valid

| stand PO 3 3 0 0 3
validation

1 Parameter P1-P4 32 12 1 9 32
exploration

Il-init Initial DOE P5-P7 24 11 8 5 0

Ill-final Final DOE P8—P13 46 13 12 21 46

Total PO-P13 105 39 31 35 81
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(a) Per-plate quality distribution — full pilot campaign
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Figure 4. Overview of the experimental campaign. (a) Per-plate distribution of weld bead quality labels across
the experimental phases. (b) Aggregate sample counts per phase
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334



Advances in Science and Technology Research Journal 2026, 20(9), 327-342

() |Cohen's d — class separability per NI feature pair

0.82

Acceptable vs Defective -

Acceptable vs Borderline -

0.85

0.97

Borderline vs Defective - 0.94

125
X 0.04 0.17 107 1.00

2.00
0.63 1.08 173
1.50

[p swwayon|

g
B
.

e
&%
3

0.60 0.84

S
b3

Waﬂ\h\ \4‘,\!»\ o

(b) lcy by class

Spikes [1/s]
8

B
2

e
=
S

°

024
S == . ol

==

(c) Spikes [1/s] by class

=
2
3

19\
S§*c3\\ 1

e P’

(d) Imean [A] by class

]
175
|

Imean [A]
2

i

Acceptable Borderline Defective Acceptable

Borderline Defective Acceptable Borderline Defective
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mean current, and 1.08 for mean electrical power.
In contrast, acceptable and borderline beads were
much less clearly separated by current—voltage
descriptors. The absolute effect size for the cur-
rent coefficient of variation was 0.42, and the
corresponding effect sizes for the mean current
and mean electrical power were also small. This
suggests that the borderline class contains cases
whose quality degradation is not dominated by
electrical instability, but rather by geometric or
local visual imperfections [39]. The only notable
exception was spike rate, which may reflect local
start- or end-region instabilities.

Mechanism-dependent defective signatures

The defective class did not correspond to a
single signal pattern. Defective beads produced
under negative-voltage trim showed high current
variability and frequent spike events, consistent

with unstable short-circuit transfer. In contrast,
defective beads produced at extremely low WFS
showed a different pattern: reduced mean current,
unstable deposition, and high spike rate associated
with insufficient material deposition. These two
cases share the same final quality label but differ
in the degradation mechanisms. This is also visible
in the low-dimensional projections of the current—
voltage feature space shown in Figure 8. Defective
beads tend to form separate groups associated with
negative trim and low-WFS conditions, whereas
acceptable and borderline beads partially overlap.
This supports the interpretation that the defective
class should not be treated as a single, homoge-
neous distribution in supervised learning pipelines.

Acoustic signatures

Representative acoustic RMS envelopes are
shown in Figure 9. The acoustic signal provided

Table 6. Feature statistics per class for Phase I1I-final, with Cohen’s d effect size between acceptable and defective

classes

Feature Unit Acceptable (n=13) | Borderline (n=12) Defective (n=21) |d| Acc—Def

|_mean A 187.8+15.5 175.7 + 36.6 131.5+56.6 1.21

|_std A 38.0+7.8 30.7+64 79.9 £63.8 0.82

I_CV — 0.20 £ 0.05 0.18 £ 0.05 0.66 + 0.42 1.34

U_mean \Y 20.30 + 1.57 20.38 +2.38 18.56 + 3.21 0.63

P_mean W 3889 + 577 3726 + 1197 2504 + 1524 1.08

Spike rate events/s 1.7+13 0.5+0.8 243 +£19.7 1.42
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NI feature space: 'Defective' is a heterogeneous class
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Figure 8. Two-dimensional projections of the current—voltage feature space using (a) Principal component
analysis and (b) t-distributed stochastic neighbor embedding. Defective beads form separate groups associated
with negative voltage trim and low wire feed speed

an additional view of process dynamics [40].
Acceptable beads showed relatively stable acous-
tic envelopes, whereas defective beads associ-
ated with electrical instability showed increased
RMS variability [41]. Low-WFS defective beads
showed lower acoustic amplitude, consistent
with reduced arc intensity and insufficient mate-
rial deposition. The acoustic trends were qualita-
tively consistent with the current-based observa-
tions [42]. However, in this dataset, the acoustic
modality should be interpreted as complementary
rather than primary, because the strongest quan-
titative class separation was obtained from cur-
rent—voltage descriptors.

Machine-learning baseline

The baseline ML results are summa-
rized in Table 7 and Figure 10. Among the

current—voltage-only models, Random Forest
achieved the highest performance, with an accu-
racy of 0.756 and a macro-F1 of 0.725. The best
acoustic-only model was the SVM with a radial
basis function kernel, achieving an accuracy of
0.641 and a macro-F1 of 0.624.

The highest macro-F1 score overall was
obtained by the fused current—voltage and acous-
tic feature set with Random Forest, reaching
0.735. The improvement of the fused configura-
tion over the current—voltage-only Random For-
est baseline was small, with Amacro-F1 =+0.010.
Therefore, the ML results should not be interpret-
ed as strong evidence that fusion is superior in
this dataset. Instead, they show that the extracted
features contain useful information for supervised
classification and that acoustic descriptors may
provide limited complementary information. The
reported accuracy and macro-F1 values should be

Representative audio envelopes per quality class
(Methods section — individual sample illustration)
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Figure 9. Representative acoustic RMS envelopes calculated using 100 ms windows. The acoustic signatures
illustrate differences between stable deposition, electrical instability, and insufficient material deposition
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Table 7. Cross-validation performance summary for all classifiers and feature-configuration combinations

Classifier NI only — Acc NI only — F1 Audio only —Acc | Audio only — F1 | Combined — Acc | Combined — F1
Logistic 0.689 0.624 0.590 0.543 0.692 0.661

Regression

KNN (k=5) 0.733 0.698 0.615 0.600 0.615 0.582

Random Forest 0.756 0.725 0.615 0.564 0.761 0.735

Gradient 0.711 0.686 0.590 0.538 0.692 0.688
Boosting

SVM (RBF) 0.667 0.626 0.641 0.624 0.692 0.658

interpreted as within-campaign estimates. They
were obtained with stratified k-fold cross-vali-
dation on a single material heat, a single power
source, a single shielding gas mixture and a single
operator, and they do not constitute evidence of
generalisation to new plates, new material batch-
es, or new process configurations. Leave-one-
plate-out (LOPO) validation, which would offer a
more realistic estimate of cross-plate generalisa-
tion, is reserved for the full-scale study.

DISCUSSION

Interpretation of process signatures

The results show that the quality labels
obtained in the experimental campaign corre-
spond to repeatable regions in the process-param-
eter space. The strongest separation was observed
between acceptable and defective beads, mainly
for current-based descriptors related to arc insta-
bility. Current coefficient of variation, spike rate,
mean current, and mean electrical power showed
large effect sizes, confirming that electrical sig-
nals are highly informative for detecting severe
process degradation. At the same time, accept-
able and borderline beads were weakly separated
by current—voltage descriptors. This suggests
that many borderline cases were due to local geo-
metric imperfections, such as start- or end-region
irregularities, moderate spatter, or deviations in
bead shape, rather than to strong arc instability.

Therefore, current-based features are effective
for detecting severe defective conditions, but less
reliable for distinguishing acceptable and border-
line beads. The voltage-trim sweep also revealed
an asymmetric process response. Negative volt-
age trim rapidly increased current variability and
spike rate, whereas positive trim reduced cur-
rent variability. This can be explained by the arc
shortening under negative trim, which increases
the likelihood of unstable short-circuiting events.
Positive trim lengthens the arc and may reduce
short-circuit-dominated instability, although it
can still affect bead geometry. As a result, cur-
rent-based stability descriptors are especially
sensitive to negative deviations from the nominal
operating region.

Implications for machine-learning-based
quality assessment

The main implication for machine-learning-
based weld quality assessment is that the defec-
tive class should not be treated as a single uni-
form distribution. Defective beads produced
by negative-voltage trim and by extremely low
wire-feed speed received the same final label,
but their signal signatures differed. Negative trim
was associated with high current variability and
frequent spike events, whereas extreme low wire
feed speed was associated with reduced mean
current and insufficient deposition. This has direct
consequences for supervised learning. A classifier
trained only to separate acceptable from defective

Table 8. Per-class classification report for the best model - Random Forest

Class Precision Recall F1-score Support
Acceptable 0.846 0.846 0.846 13
Borderline 0.545 0.500 0.522 12
Defective 0.818 0.857 0.837 21
Macro avg 0.737 0.734 0.735 46
Weighted avg 0.755 0.761 0.757 46

337



Advances in Science and Technology Research Journal 2026, 20(9), 327-342
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Figure 10. Machine-learning baseline performance. (a) Macro-F1 scores for all five classifiers across the three
feature configurations (NI only, audio only, fused). (b) Confusion matrix for the best fused-configuration model
(Random Forest, macro-F1 = 0.735), with absolute counts and row-normalized percentages indicating class-
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beads may perform well on a dataset, but still fail
to generalize if future defective samples origi-
nate from mechanisms underrepresented in the
training set. In such cases, the model may learn
mechanism-specific correlations rather than gen-
eral indicators of poor weld bead quality. For this
reason, the results support a mechanism-aware
classification approach. Future datasets should
distinguish between degradation mechanisms
such as electrical instability, insufficient material
deposition, excessive deposition, and geometric
irregularity [43]. A practical solution may be a
hierarchical model that first separates acceptable
from unacceptable beads and then identifies the
likely defect mechanism [44].

The weak classifiability of the borderline
class is therefore not primarily a property of the
classifier but a property of the label itself. The
borderline category aggregates local, geometric,
and transient imperfections (start- and end-region
irregularities, moderate spatter, narrow geomet-
ric deviations) that need not produce strong
anomalies in the current-voltage signals. This
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is a sensor-coverage gap, not a model deficien-
cy, and it provides a direct argument for adding
quantitative image-based descriptors (bead width,
spatter coverage, geometric roughness) in the
full-scale campaign. The per-class classification
report (Table 8) confirms this picture: Acceptable
and Defective beads are recognised with high F1
(0.846 and 0.837), whereas the Borderline class is
the principal source of error (F1 = 0.522, recall =
0.500). Six of twelve borderline beads were mis-
classified, mostly into the adjacent Acceptable
and Defective classes, while only two of thirteen
acceptable and three of twenty-one defective
beads were misclassified. The bottleneck is there-
fore the separation of the borderline class from its
neighbours, not the detection of defective beads.

Role of multimodal sensing

The baseline machine-learning results showed
that current—voltage features alone already pro-
vide useful classification performance. The fused
current—voltage and acoustic feature set achieved
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the highest macro-F1 score, but the improvement
over the current—voltage-only baseline was small.
Therefore, the results should not be interpreted
as strong evidence that acoustic fusion is univer-
sally superior. Rather, they indicate that acoustic
descriptors may contain complementary informa-
tion for selected transient or mechanism-specif-
ic phenomena [45]. In this study, the strongest
quantitative class separation was obtained from
current—voltage descriptors. Acoustic monitoring
should therefore be treated as a complementary
modality. The visual modality was primarily used
for offline labeling and interpretation, not as an
input feature stream in the baseline classifiers
[46]. This is important because many borderline
cases appeared to be related to bead geometry
rather than electrical instability. Incorporating
quantitative image-based descriptors is therefore
a natural next step for improving the classifica-
tion of borderline and geometric defects [47].
The principal contribution of the study is
therefore not the macro-F1 number or the relative
ordering of the five classifiers, but the structural
observation that defective beads and borderline
beads each aggregate at least two distinct deg-
radation mechanisms with separable sensor sig-
natures. This argues for redesigning the labelling
scheme along mechanism lines, rather than for
replacing one classifier family with another, and
motivates the inclusion of quantitative image-
based descriptors in the full-scale campaign.

Limitations and future work

This work should be interpreted as a prelimi-
nary pilot validation rather than a production-
ready evaluation, and several limitations follow
directly from this scope. The dataset of 105 weld
beads is sufficient to characterize signal-quality
relationships and to identify candidate features
for a full-scale study. It is, however, too small
for definitive ML benchmarking: confidence
intervals on classifier performance metrics span
approximately =15 percentage points at this sam-
ple size, and the +0.010 macro-F1 advantage of
the fused configuration is well within the statis-
tical noise of the evaluation. The classifier com-
parison should therefore be read as evidence that
hand-crafted features carry useful information
for supervised learning, not as a definitive rank-
ing of models or sensing modalities. The study is
restricted to a single MAG surfacing setup, a sin-
gle power source, a single shielding gas mixture,

and S355 steel. Generalization to other materi-
als, power sources, wire types, or process modes
requires explicit cross-domain validation [48]. A
single rater from post-bead images assigned qual-
ity labels; inter-rater agreement was not quanti-
fied, and visual information was used for labeling
rather than as a quantitative feature stream. The
acoustic modality was unavailable for plates P5—
P7 due to a transient hardware issue, and acous-
tic results should be considered preliminary [49].
The cross-validation scheme used stratified k-fold
rather than leave-one-plate-out (LOPO); the lat-
ter is the more realistic estimator of cross-plate
generalization and is reserved for the full-scale
study. The findings are therefore best read as a
pilot characterization that identifies signal signa-
tures, quantifies the heterogeneity of the defective
class, maps the asymmetric trim response, and
motivates the experimental design of a full-scale
campaign with stricter cross-validation, multi-
rater labeling, inclusion of quantitative visual
descriptors, and explicit mechanism-aware clas-
sifier evaluation [50].

The six DOE points were deposited in a fixed
temporal order within each plate, so the inter-pass
temperature is partially confounded with the DOE
point in this pilot; this confound was not fully
decorrelated. The recorded three-point temperature
log nevertheless allows the inter-pass temperature
to be treated as a covariate in subsequent analy-
sis. The full-scale campaign will either enforce a
controlled inter-pass temperature window (forced
cooling between beads) or randomise the temporal
order of DOE points within each plate.

Surface preparation was uniform across the
campaign (grinding + Clino-3 degreasing on every
plate, from a single material heat with an EN
10204 type 3.1 certificate), but residual local con-
tamination cannot be fully excluded; in the present
dataset one bead deposited at nominal parameters
was classified as borderline specifically because of
a localised surface defect. This is consistent with
the heterogeneous nature of the borderline class
(Section 4.2) and motivates stricter surface-condi-
tion control in the full-scale campaign.

CONCLUSIONS

The principal conclusion of the campaign is
that the quality labels assigned to MAG-surfac-
ing beads are not internally homogeneous in the
sensor feature space: defective beads form at least

339



Advances in Science and Technology Research Journal 2026, 20(9), 327-342

two mechanism-specific clusters (electrical insta-
bility vs insufficient deposition) and the border-
line class aggregates further local, geometric and
transient imperfections that are not well captured
by current-voltage signals. Supervised pipelines
for weld-bead quality assessment should there-
fore use mechanism-aware labels and sensor cov-
erage rather than aggregated quality categories.

The experimental campaign yielded 105 weld
beads and provided the following conclusions.
Current-based descriptors were the most infor-
mative features in the dataset. Current coefficient
of variation and spike rate strongly separated
acceptable and defective beads, with Cohen’s
effect sizes of 1.34 and 1.42, respectively. How-
ever, acceptable and borderline beads were weak-
ly separated by electrical descriptors, suggesting
that borderline cases are mainly related to local
geometric imperfections. Arc stability showed
a strongly asymmetric response to voltage trim.
Negative trim rapidly increased current variabili-
ty and spike rate, while positive trim reduced cur-
rent variability. The current coefficient of varia-
tion at trim = —3 V was approximately 6.6 times
higher than at trim = +3 V. Defective beads were
not homogeneous in the feature space. Negative-
trim defects and low-wire-feed defects exhibited
distinct signal signatures, suggesting distinct deg-
radation mechanisms underlying the same final
quality label. This result is important for super-
vised ML, where treating all defective beads as
one uniform class may reduce generalization
and diagnostic value. The baseline ML evalua-
tion confirmed that the extracted process features
are useful for classifying weld bead quality. The
highest macro-F1 score was 0.735 for the fused
current—voltage and acoustic feature set, although
the improvement over the current—voltage-only
baseline was marginal. The results therefore sup-
port mechanism-aware feature design and hierar-
chical classification rather than the direct deploy-
ment of a production-ready classifier.
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