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Abstract

Manual arc welding is highly dependent on operator skill, leading to variability in weld
quality and an increased risk of defects; therefore, reliable monitoring methods for Shielded
Metal Arc Welding (SMAW) are required, particularly in manual environments where
process variability and environmental noise are inherent. This study proposes a monitoring
approach for classifying SMAW process parameters using airborne acoustic signals gener-
ated by the welding arc. Welding experiments were conducted on carbon steel plates of
different thicknesses (3, 6, and 12 mm) using E6010, E6011, E6013, and E7018 electrodes un-
der Alternating Current (AC) and Direct Current (DC) configurations; acoustic signals were
recorded in real time and processed using Mel-Frequency Cepstral Coefficients (MFCCs)
and deep audio embeddings from pre-trained VGGish and YAMNet models as inputs
to artificial neural network classifiers for multi-output classification of welding process
parameters. Model performance was evaluated using per-target metrics (accuracy and
macro F1-score) and joint multi-output metrics (Exact Match and Hamming Accuracy).
MFCC-based models significantly outperformed embedding-based approaches, achieving
up to 94.51% Exact Match and 97.88% Hamming Accuracy, while reducing computational
costs. These results demonstrate the feasibility of SMAW monitoring using arc sound,
suggesting that spectral features are an effective solution for welding-process monitoring
and a promising foundation for future weld-quality monitoring systems.

Keywords: Shielded Metal Arc Welding; arc sound; MFCC; audio embeddings; multi-output
classification; VGGish; YAMNet

1. Introduction
Shielded Metal Arc Welding (SMAW) is one of the most widely used arc welding pro-

cesses, often performed in manual mode, due to its simplicity, portability, and adaptability
to varying operating conditions [1]. Despite the increasing automation of welding pro-
cesses, SMAW remains prevalent, particularly in Latin America, where it plays a significant
role in construction, maintenance, and manufacturing activities [2].

According to the American Welding Society (AWS), weld quality in SMAW is strongly
influenced by process parameters, including base metal thickness, welding current type,
and covered electrode classification. Improper selection or control of these variables
can lead to undesirable weld discontinuities and variability in weld performance [3].
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Consequently, reliable methods for monitoring and identifying welding parameters during
SMAW operation remain an important challenge in manufacturing practice.

Several sensing techniques have been used for welding process monitoring, including
electrical signal monitoring, vision-based sensing, and acoustic emission sensing. Electrical
parameters, such as welding current and voltage, are commonly used to evaluate arc stabil-
ity and process performance, as they are directly related to heat input and metal transfer
behavior [4,5]. Signal processing techniques such as the Fourier and Wavelet Transforms
have been widely applied to analyze these signals and extract relevant features for welding
quality evaluation [5]. Vision-based monitoring systems using cameras, infrared sensors,
and optical emission sensors have also been implemented to evaluate weld pool geometry,
weld penetration, and weld bead formation [6]. These systems allow direct observation of
the welding process; however, they often require complex image processing algorithms
and controlled lighting conditions [2]. Acoustic emission and acoustic sensing techniques
have also been investigated for welding process monitoring because the generated acoustic
signals are directly related to arc behavior, metal transfer, and weld quality [7]. Acoustic
emission methods are particularly attractive because they are passive, non-intrusive, and
relatively low-cost compared with other sensing techniques [6]. In addition, machine
learning techniques such as artificial neural networks and support vector machines have
been applied to welding process monitoring to predict weld bead geometry, penetration,
and discontinuity formation from sensor data and process parameters [2,8,9].

Acoustic-based monitoring approaches have gained increasing attention as alternative
sensing methods for welding process monitoring because acoustic signals are directly
related to the physical phenomena occurring during welding. During arc welding processes,
acoustic emissions are generated by several sources, including plasma arc fluctuations,
metal transfer, droplet detachment, and weld pool dynamics [7,8]. These acoustic signals
contain information related to arc stability, metal transfer modes, and process disturbances,
making them suitable for welding process monitoring and analysis.

Recent developments in welding monitoring have increasingly explored multi-task
learning frameworks, particularly in vision-based monitoring systems for automated
welding processes. Xu et al. [10] proposed a multi-output convolutional architecture
combined with particle swarm optimization for simultaneous monitoring of multiple state
variables in high-speed laser welding from melt-pool imagery. Multi-task and multi-vision
frameworks have also been reported for laser beam welding applications, including the
welding-segmentation-recognition network proposed by Zhou et al. [11] and the MT-
Segformer architecture integrating stereo vision with multi-task decoders [12]. Truong
et al. [13] further extended this paradigm to multi-layer multi-pass welding using combined
line-scanning and infrared sensing systems. In parallel, multimodal fusion approaches
combining heterogeneous sensing modalities have also been investigated from penetration-
state estimation in gas-shielded welding processes [14].

In contrast, acoustic-based monitoring has remained largely focused on single-task
formulation addressing penetration state, process stability, or discontinuity-related analysis
independently. Airborne acoustic sensing provides a non-intrusive and flexible monitoring
approach, particularly suitable for manual welding conditions where sensor placement on
the workpiece may be impractical.

Acoustic monitoring during welding can be performed using contact acoustic emission
sensors attached to the workpiece or airborne acoustic sensors, such as microphones posi-
tioned near the welding arc. Acoustic emission sensors capture stress waves propagating
through the material, whereas airborne acoustic sensors capture sound waves generated
by interactions between the arc and the welding process [6]. Airborne acoustic sensing
provides a non-intrusive and flexible monitoring approach, particularly suitable for manual
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welding conditions where sensor placement on the workpiece may be impractical. Early
studies demonstrated that acoustic signals can be used to monitor welding process condi-
tions and detect process disturbances using signal processing and neural network-based
approaches. These studies showed that acoustic signatures contain sufficient information
to characterize welding conditions and identify process anomalies [7,8].

Conventional acoustic welding monitoring methods have relied on handcrafted sig-
nal descriptors extracted from time-domain and frequency-domain analyses, including
statistical features, the Fast Fourier Transform (FFT), spectrograms, and wavelet-based
features [5,15]. Among these methods, Mel-Frequency Cepstral Coefficients (MFCC) have
been widely used in acoustic signal classification because they provide a compact repre-
sentation of the spectral envelope of audio signals and have shown good performance in
sound classification tasks, including welding acoustic analysis [8,15]. These handcrafted
features are commonly used as inputs to machine learning classifiers, such as artificial
neural networks, support vector machines, and k-nearest neighbors, for welding condition
classification and weld quality prediction [2,7,8]. However, handcrafted feature extraction
methods depend heavily on expert knowledge and may not fully capture the complex,
non-stationary acoustic patterns in manual welding processes, such as SMAW [9].

Recent advances in deep learning have enabled the use of deep audio embeddings, in
which pretrained convolutional neural networks trained on large-scale audio datasets are
used to extract high-level representations directly from raw audio signals [9,16,17]. These
embeddings can capture complex temporal and spectral patterns and have shown strong
performance in general audio classification tasks [16].

Previous studies have explored the use of deep audio embeddings such, as VGGish
and YAMNet, for welding defect detection and audio classification tasks, demonstrating
the potential of pretrained audio models for welding-related applications [16]. However,
the performance of these embeddings compared with traditional acoustic features such as
MFCC for welding process parameters identification has not been sufficiently investigated.
In addition, the computational cost and the feasibility of real-time implementation of these
approaches for welding monitoring have not been widely discussed. Therefore, this study
evaluates and compares traditional MFCC-based features and deep audio embedding
features (VGGish and YAMNet), combined with artificial neural network classifiers, for the
classification of SMAW parameters using arc sound.

In practical welding monitoring applications, particularly for processes such as SMAW
performed in field conditions, monitoring systems must provide not only high classifi-
cation performance but also reliability, low computational cost, and real-time processing
capability to enable practical implementation [18]. Manufacturing environments are typi-
cally characterized by noise, process variability, and changing operating conditions, which
require robust, reliable monitoring systems capable of maintaining stable performance over
time [18].

Condition monitoring and fault diagnosis systems used in real-world engineering
applications require high diagnostic accuracy and reliability to be useful for process moni-
toring and decision-making [19]. Therefore, model evaluation should consider not only
classification performance but also computational efficiency and implementation feasi-
bility when assessing suitability for practical deployment [18,20]. For this reason, the
selection of feature extraction and classification methods for welding monitoring should be
based not only on classification performance but also on computational cost and real-time
implementation capability.

Accordingly, the objective of this study is to evaluate the feasibility of using airborne
acoustic signals (arc sound) for simultaneous identification of multiple SMAW process
parameters. Specifically, this work formulates SMAW acoustic monitoring as a multi-output
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classification problem in which plate thickness, electrode type, and current type are jointly
inferred from the arc sound.

Within this intentionally conventional multi-output framework, selected to isolate
the effect of acoustic representation rather than introduce architectural novelty, the study
makes three main contributions. First, it establishes a unified and reproducible bench-
mark for comparing handcrafted spectral descriptors (MFCC) and pre-trained deep audio
embeddings (VGGish and YAMNet) under the same acquisition conditions, classifier archi-
tectures, and evaluation protocol. Second, it demonstrates that acoustic representation is the
dominant performance factor in SMAW parameter classification, with MFCC consistently
outperforming embedding-based approaches across all evaluated models. Third, it shows
that this performance gap is already evident at the feature-space level prior to classifica-
tion, providing evidence that the reduced performance of general-purpose embeddings is
primarily due to domain mismatch with welding-specific acoustic signals.

These findings provide a practical, domain-specific reference for the design of acoustic
monitoring systems for manual SMAW and establish a baseline for future multimodal,
domain-adapted welding monitoring approaches.

2. Materials and Methods
This study proposes an acoustic-based methodology for identifying SMAW process

parameters using the arc sound generated during the process. The proposed methodol-
ogy consists of recording arc sound signals during welding experiments, segmenting the
recorded audio signals into short time windows, extracting acoustic features using different
feature extraction approaches, and classifying welding process parameters using artificial
neural network models.

Three acoustic representation approaches were evaluated and compared in this study:
Mel-Frequency Cepstral Coefficients (MFCCs) and deep audio embeddings extracted using
pre-trained VGGish and YAMNet models. These feature representations were used as
inputs to neural network classifiers for multi-output classification of welding process
parameters. Model performance was evaluated using both per-target metrics and joint
evaluation metrics, as well as computational performance indicators such as training time
and inference time.

Figure 1 illustrates the complete data flow from raw audio acquisition to the final
multi-output classification output. Raw audio is acquired using the Xiris Automation Inc.
(Burlington, ON, Canada) WeldMIC microphone and recorded through the WeldStudio 3
software, which is resampled to 16 kHz in mono format, then segmented into fixed-duration
windows, and processed using different feature extraction approaches (MFCC, VGGish, or
YAMNet). The resulting feature representations are used as input to the multi-task classifier,
which simultaneously predicts Plate Thickness, Electrode Type, and Current Type.

2.1. Experimental Setup
2.1.1. Welding Monitoring Station

The experimental setup was established at a dedicated welding monitoring station
designed to ensure repeatability and controlled data acquisition during SMAW experiments.
Welding trials were performed using a multipurpose power source capable of operating
under both alternating current (AC) and direct current (DC) modes. A welding table
equipped with mechanical fixtures was used to maintain consistent plate alignment and
joint position throughout all experiments.

A Xiris weld monitoring system was used to support the experimental setup, with
the camera mounted on a tripod and oriented toward the welding arc to ensure consistent
positioning during the welding process. The monitoring station also included a laptop for
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real-time data acquisition, as shown in Figure 2. Acoustic data were acquired using the
integrated WeldMIC microphone, positioned at less than 0.8 m from the welded joint. The
key specifications of WeldMIC are summarized in Table 1. The distance was selected as a
compromise between signal clarity and protection of the sensor from excessive heat and
spatter, while maintaining consistent acoustic capture across all trials. The microphone
position was kept constant across all experiments to ensure repeatability in acoustic signal
acquisition. This configuration was intentionally selected to reduce acquisition variability
during the initial feasibility evaluation of the proposed framework and isolate the effect of
welding process parameters on the recorded acoustic signals.

Figure 1. General pipeline for welding audio parameter detection, showing the sequential stages from
raw audio acquisition and preprocessing through feature extraction (MFCC, VGGish, or YAMNet) to
multi-output classification of plate thickness, electrode type, and current type.

Figure 2. Experimental welding monitoring station. The setup comprises: a welding table with
mechanical fixture holes for consistent plate alignment, a multipurpose welding power source with
AC/DC capability, a Xiris weld camera and WeldMIC microphone for audiovisual data acquisition,
and a laptop for real-time data logging and acquisition.

The recordings were acquired under realistic workshop conditions in the presence of
heterogeneous background noise. Occasional impulsive and stationary noise from adjacent
workshop activities, including hammering and angle grinding, were intermittently audible
at the monitoring location, although these sources were not part of the monitored welding
process. Additional noise sources included forced-air ventilation and fume-extraction
systems operating continuously in the workshop, nearby welding stations and general
workshop activity, as well as low-frequency acoustic coupling from the welding power
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source. These sources contributed to the heterogeneous acoustic environment captured in
the recordings and are further discussed in Section 4.2.

Table 1. Key specifications of the Xiris WeldMic used for acoustic data acquisition.

Parameter Specification

Microphone Model Xiris WeldMIC
Frequency Response 50 Hz–20 kHz

Dynamic Range >120 dB SPL
Mounting configuration Clamp/flexible arm

Distance to Arc <0.8 m
Data format Audio embedded in video (.WAV, 48 kHz, 16-bit)

Data acquisition software Xiris WeldStudio 3

Audio was recorded as part of the synchronized system output using the Xiris Weld-
Studio 3 software and subsequently extracted for analysis. The extracted audio signals were
resampled to 16 kHz and converted to mono format for further processing. A dedicated
laptop was used for data acquisition, storage, and operation of the WeldStudio 3 software.

2.1.2. Materials

Welding specimens consisted of carbon steel plates measuring 150 mm in length and
50 mm in width with thicknesses of 3 mm, 6 mm, and 12 mm, selected to represent a
range of practical welding conditions commonly encountered in structural and fabrication
applications. SMAW consumables included E6010, E6011, E6013, and E7018 covered
electrodes manufactured by KISWEL Co., Ltd. (Seoul, Republic of Korea), enabling the
evaluation of different arc characteristics and metal transfer behaviors.

It should be noted that E6010 and E7018 do not support AC operation and were
therefore tested under DC only, while E6011 and E6013 are compatible with both AC and
DC and were evaluated under both configurations.

Welding currents were selected according to the manufacturer’s specifications for each
electrode type to ensure stable arc operation. Both AC and DC welding configurations
were included in the experimental design to introduce controlled variability in the acoustic
signature associated with different electrical operating conditions.

2.1.3. Welding Protocol

A dedicated Welding Procedure Specification (WPS) was issued for each electrode type
prior to all welding trials, in accordance with AWS D1.1 structural welding guidelines. All
procedures shared the same base metal specification (ASTM A36, AWS Group I), electrode
diameter (3.2 mm, AWS A5.1), and welding position (1 G flat), and no post-weld heat
treatment was applied.

Welding was performed as surface beads deposited on a single plate, with no joint
preparation or groove geometry applied across all plate thicknesses (3 mm, 6 mm, and
12 mm). Welding was performed under DC or AC conditions, depending on electrode
compatibility, following manufacturer-recommended current ranges as shown in Table 2.

Table 2. Recommended current ranges (3.2 mm electrode diameter) by electrode type, plate thickness
and current type.

Electrode Current Type Plate Thickness
3 mm 6 mm 12 mm

E6010 DC 70–95 A 85–115 A 100–125 A
E6011 AC/DC 70–95 A 85–115 A 100–125 A
E6013 AC/DC 80–105 A 90–120 A 110–130 A
E7018 DC 90–110 A 100–125 A 110–140 A

https://doi.org/10.3390/signals7030054

https://doi.org/10.3390/signals7030054


Signals 2026, 7, 54 7 of 32

Welding was performed by an experienced but non-certified welder, a condition
intentionally selected to introduce natural execution variability and increase the diversity
of acoustic patterns representative of realistic manual welding conditions. No corrective
feedback was provided during welding to preserve natural process variability.

2.2. Acoustic Dataset

The dataset comprises continuous acoustic recordings collected during SMAW ex-
periments. Each welding trial produced a raw audio signal spanning the full duration
of the weld pass, averaging approximately one minute. The complete dataset comprises
373 continuous SMAW sessions, each corresponding to a single weld bead and serving as
the atomic unit for dataset partitioning.

Sessions were organized in a session-based directory hierarchy by plate thickness, elec-
trode type, and current type, following the structure: audio/Xmm/EXXXX/{AC,DC}/YYM
MDD-HHMMSS_Audio/*.wav. This structure provides full traceability of each sample
and consistent labeling for multi-output classification. Figure 3 shows a schematic repre-
sentation of this directory layout, illustrating how each session folder maps directly to its
corresponding combination of plate thickness, electrode type, and current type labels.

Figure 3. Directory structure of the SMAW audio dataset, illustrating the hierarchical organization by
plate thickness (Xmm), electrode type (EXXXX), and current type (AC/DC), with individual session
folders identified by acquisition timestamp.

2.2.1. Audio Preprocessing

The original recordings were organized as session-based WAV files and stored as mono,
16-bit audio at 16 kHz, and labeled according to the directory structure. For all experiments,
audio was processed using a unified preprocessing pipeline consisting of: (i) audio loading,
(ii) resampling to 16 kHz when needed, (iii) conversion to a single channel (mono), and
(iv) on-the-fly segmentation of each continuous recording into fixed-duration windows
with a predefined overlap ratio. This standardized segmentation ensured that MFCC
extraction and deep embedding models operated on exactly the same segment boundaries
with VGGish and YAMNet subsequently applying their own internal framing within each
segment. No filtering, denoising, silence trimming, or amplitude normalization was applied
to the welding audio beyond the standard waveform scaling during audio loading.

This minimally processed workflow was intentionally selected to preserve welding-
related acoustic variability under realistic workshop conditions.

2.2.2. Audio Segmentation

Continuous welding audio recordings were segmented into fixed-length temporal
windows. Seven segment durations were evaluated: 1, 2, 5, 10, 20, 30, and 50 s. Segment

https://doi.org/10.3390/signals7030054

https://doi.org/10.3390/signals7030054


Signals 2026, 7, 54 8 of 32

duration directly influences the number of training samples, the amount of temporal
information captured, and the computational cost of model training and inference.

A 50% overlap (p = 0.5) was used as the baseline segmentation configuration to increase
the number of training samples while maintaining sufficient variability between adjacent
segments. Table 3 summarizes the total number of segments generated for each segment
duration under the baseline overlap configuration, across training, validation, and test sets.
The use of overlap also enables data augmentation, as discussed in Section 2.2.3.

Table 3. Total segment counts per duration for training, validation, and test sets at p = 0.5 overlap.

Duration (s) Training Segments Validation Segments Test Segments Total

1 30,176 8006 4988 43,170

2 14,898 3950 2465 21,313

5 5713 1521 951 8185

10 2660 712 447 3819

20 1138 303 199 1640

30 635 170 113 918

50 305 84 59 448

2.2.3. Overlap-Based Data Augmentation

Window overlap was applied as a data augmentation strategy to increase the number
of training samples while preserving the original signal characteristics. For a window of
duration T and an overlap ratio p, the hop between consecutive windows is defined as
H = T(1 − p). This approach increases the number of samples and improves the temporal
coverage of transitions without distorting the original signal, thereby stabilizing training
for underrepresented classes.

Because overlap creates correlated samples from the same welding session, dataset
partitioning was performed at the session level rather than the segment level to prevent
data leakage between the training, validation, and test sets.

2.2.4. Labeling

The recorded audio signals were segmented and labeled according to the welding
condition associated with each welding session. Labels were assigned based on known
welding parameters and post-process inspection of the weld bead, ensuring consistency
between acoustic data and process conditions. The resulting label distribution across all
sessions is summarized in Table 4.

Table 4. Cross-tabulation of welding sessions across electrode type, current type, and plate thickness.

Electrode Current 3 mm 6 mm 12 mm Subtotal

E6010 DC 16 21 20 57

E6011
AC 22 21 20 63
DC 29 20 20 69

E6013
AC 20 20 20 60
DC 20 20 20 60

E7018 DC 20 24 20 64

Total 127 126 120 373

The target labels for each session were defined by three variables: plate thickness,
electrode type, and current type. Plate thickness was categorized into three levels (3 mm,
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6 mm, and 12 mm), while electrode type included E6010, E6011, E6013, and E7018 con-
sumables. Current type was defined as either AC or DC; AC operation was applied only
to E6011 and E6013, whereas E6010 and E7018 were evaluated under DC conditions only
due to process compatibility constraints. Consequently, the dataset contains structured
dependencies between electrode type and current type, reflecting valid SMAW operating
conditions rather than independently sampled label combinations.

Each audio segment inherits the labels of the welding session from which it was
extracted, resulting in a multi-output classification problem where each input sample is
associated with three target labels simultaneously.

Because the proposed framework jointly predicts plate thickness, electrode type, and
current type, the joint label distribution across valid operating conditions is relevant for
interpreting class balance and label dependency within the dataset. Table 4 summarizes the
complete cross-tabulation of the welding sessions for all evaluated parameter combinations.

2.2.5. Dataset Partitioning

Dataset partitioning was performed at the welding session level to prevent data
leakage between subsets and to ensure acoustically independent welding trials in each
split [21]. A stratified partitioning strategy was applied to preserve the class distribution
across plate thickness, electrode type, and current type. A fixed random seed of 42 was
used to ensure deterministic, reproducible splits.

A 10% test set was reserved for final model evaluation, while the remaining 90% of
the sessions were further split into 80% for training and 20% for validation. This results in
267 training sessions, 68 validation sessions, and 38 test sessions.

Segmentation and overlap-based data augmentation were performed after dataset
partitioning to ensure that segments derived from the same welding session were not dis-
tributed across different subsets. For the reference segment duration of 5 s, this corresponds
to 5713 training segments, 1521 validation segments, and 951 test segments.

2.3. Feature Extraction Approaches

Three approaches were evaluated and compared, one based on spectral analysis
(MFCC) and two based on audio embeddings (VGGish, YAMNet) extracted from welding
audio recordings.

2.3.1. Spectral Analysis (MFCC)

As a classical spectral baseline, Mel-Frequency Cepstral Coefficients (MFCCs) were
extracted. MFCCs model human auditory perception through a non-linear frequency
scale (the Mel scale), where perceptually equidistant intervals correspond to equal Mel-
scale increments, capturing acoustically relevant patterns concentrated in lower frequency
bands [22,23].

MFCC extraction was performed using the librosa audio signal analysis Python 3.10.12
library with consistent parameters across all experiments. Preprocessed audio signals
(Section 2.2.1) were used as input to ensure consistency across all feature extraction approaches.

A frame length of 1024 samples (64 ms) and a hop length of 512 samples (32 ms) were
used. A Hamming window was applied to each frame prior to the Fourier Transform.
MFCCs were computed from a Mel filter bank representation using 40 Mel filters, and
a total of 40 MFCCs were extracted per frame. To capture the temporal dynamics, first-
order (delta) and second-order (delta-delta) coefficients were computed from the base
MFCCs, representing the rate of change and acceleration of the spectral envelope over time,
respectively [24,25].

The resulting feature representation consists of three components (static MFCCs, delta,
and delta-delta), each of dimension 40, yielding a 120-dimensional frame-level descriptor.
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For the Feedforward classifier, temporal statistics (mean and standard deviation) were
computed across all frames within each audio segment, producing a final 240-dimensional
feature vector. For the X-Vector [26] and ECAPA-TDNN [27] architectures, the raw MFCC
sequence of shape 40 × T was preserved without statistical aggregation, as these archi-
tectures incorporate internal temporal pooling mechanisms that operate directly on the
frame-level sequence.

2.3.2. VGGish

VGGish is a Convolutional Neural Network (CNN) based on the VGG architecture [28],
pre-trained on the large-scale Audio Set database [17]. The model is designed to extract
high-level semantic audio features from general-purpose audio signals. As illustrated in
Figure 4, the VGGish model processes audio through successive convolutional and pooling
layers before producing a compact embedding representation.

Figure 4. Internal layer structure of the VGGish convolutional neural network, showing the successive
convolutional, pooling, and fully connected stages that transform the input log-mel spectrogram
into a 128-dimensional embedding vector. Yellow boxes represent conv + ReLU layers and red boxes
represent max pooling layers.

VGGish operates on log-Mel spectrogram inputs computed from the preprocessed
audio signal (Section 2.2.1). Following the standardized Audio Set pipeline, which includes
short-time Fourier Transform, Mel filter bank projection, and logarithmic scaling.

In this study, VGGish was used as a fixed feature extractor. The model processes
audio in short-time windows of 0.96 s, generating a 128-dimensional embedding vector per
window [28]. For audio segments longer than 0.96 s, a temporal sequence of embeddings is
produced. These embeddings were aggregated using temporal average pooling to obtain a
fixed-size feature vector suitable for input to the multi-output ANN classifier.

Only audio segments with a duration greater than 1 s were considered to ensure that at
least one complete VGGish analysis window could be extracted. This constraint guarantees
consistent embedding generation across all samples and enables a fair comparison with
MFCC-based and YAMNet-based representations.

2.3.3. YAMNet

YAMNet was evaluated as an alternative to second pre-trained embeddings. It is built
on the mobile-optimized MobileNet v1 backbone [29], which is also pre-trained on the
large-scale Audio Set dataset [17]. As shown in Figure 5, the network uses depth wise
separable convolution layers, which factorize standard convolutions into depth wise and
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pointwise operations, significantly reducing the number of parameters and computational
cost while maintaining high representational capacity.

Figure 5. YAMNet architecture, showing the sequence of 14 depth wise separable convolutional layers
(conv1 through conv14) that process the 96 × 64 log-mel spectrogram input down to a 1 × 1 × 1024
embedding vector via a final global average pooling stage (pool1).

Similar to VGGish, YAMNet operates on log-Mel spectrogram representations com-
puted from processed audio signals (Section 2.2.1). For each analysis window, the network
produces a 1024-dimensional embedding vector providing a higher descriptive capacity
compared to the 128-dimensional VGGish embedding at the cost of increased storage
requirements, feature extraction time, and classifier training time.

In this work, YAMNet was used as a fixed extractor. For classifiers requiring fixed-size
inputs (e.g., feedforward networks), embeddings were aggregated using temporal average
pooling. For sequence-based architectures (X-vector and ECAPA-TDNN), the embedding
sequence was preserved to enable the model to learn temporal dependencies directly from
it. The same experimental protocol, including segment durations, overlap values, and
dataset partitioning strategy, was applied to YAMNet to ensure direct comparability with
MFCC and VGGish representations.

2.4. Classification Models

The acoustic representations produced by each feature extraction approach (MFCC,
VGGish, and YAMNet) were used as inputs to multi-output Artificial Neural Network
(ANN) classifiers designed to simultaneously predict the three target variables: plate thick-
ness, electrode type and current type. The problem is formulated as a multi-output (also
referred to as multi-target) classification task, in which each input segment is associated
with three categorical targets and exactly one class label per target. This formulation is
distinct from multi-label classification, where multiple labels may be assigned to a single
target, and from single-task classification, where only one target is predicted per model.
The shared-backbone, task-specific-head architecture described below is consistent with
the multi-task learning paradigm; throughout this paper, the term multi-output is used to
describe the prediction task itself, while multi-task is reserved for references to the broader
learning literature.

Three classifier architectures were evaluated: a Feedforward Network (FFNN), an
X-vector, and an ECAPA-TDNN model. These architectures were selected to compare
conventional fixed-vector classifiers with a sequence-based model that captures temporal
dependencies in acoustic signals. The Feedforward network operates on fixed-size fea-
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ture vectors obtained either directly from aggregated embeddings (mean and standard
deviation) or from MFCC-based statistical descriptors. It consists of fully connected layers
with non-linear activations and serves as a computationally efficient baseline [30,31]. The
X-Vector model employs a Time Delay Neural Network (TDNN) architecture with statistical
pooling layers that transform variable-length temporal sequences into fixed-size represen-
tations. Originally developed for speaker recognition, this architecture is well suited for
extracting discriminative patterns from acoustic signals with temporal variability [26]. The
ECAPA-TDNN (Emphasized Channel Attention, Propagation and Aggregation) model
extends the X-vector architecture by incorporating channel attention mechanisms and
improved feature aggregation, enabling more effective modeling of complex temporal
dependencies in audio signals [29].

The classification models architecture details can be found in Table 5. T denotes
the number of temporal frames produced by the feature extractor for a given audio seg-
ment. For MFCC, frames are computed with a 64 ms analysis window and a 32 ms
hop (n_fft = 1024, hop = 512 at 16 kHz), yielding T = 32 frames per 1 s segment and
T = 313 frames for a 10 s segment. For VGGish and YAMNet, embeddings are extracted
from 1 s windows with a 500 ms hop, yielding T = 2 frames per 1 s segment and
T = 20 frames per 10 s segment. The temporal dimension T therefore varies with both
segment duration and feature extraction strategy, allowing the TDNN-based architecture
to process sequential acoustic context at different temporal resolutions depending on the
selected representation.

Table 5. Summary of the evaluated classification model architectures and principal configura-
tion parameters.

Parameter Feedforward X-Vector ECAPA-TDNN

Input dimension (MFCC) 240 40 × T 40 × T

Input dimension (VGGish) 128 128 × T 128 × T

Input dimension (YAMNet) 1024 1024 × T 1024 × T

Number of layers 3 Fully Connected layers 5 TDNN layers 3 SE-Res2Net blocks

Hidden dimension 512, 256, 128 512 512

Temporal context (TDNN) N/A [−2, +2], [−2, +2], [−3, +3]
frames dilation 2, 3, 4

Attention mechanism None None Channel attention (SE)

Temporal pooling Pre-computed statistics Statistics-based temporal pooling Attention-based statistics pooling

Output heads 3 (parallel FC) 3 (parallel FC) 3 (parallel FC)

Activation ReLU ReLU ReLU

Batch normalization Yes Yes Yes

Dropout rate 0.3 None 0.1

Optimizer AdamW (weight_decay = 1 × 10−4)

Initial learning rate 1 × 10−3

Batch size 32

Maximum epochs 100

Early stopping patience 15 epochs on validation loss

Loss function (each head) Cross-entropy (label_smoothing = 0.1)

Cross-validation folds (k) 10

Random seed 42
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All models were implemented using a multi-output classification framework, with
a shared feature extractor followed by three task-specific output heads for plate thick-
ness, electrode type, and current type. Each output head performs classification over its
respective set of classes (3, 4 and 2 classes, respectively).

The same training configuration and evaluation protocol were applied across all model-
feature combinations to ensure a fair comparison between feature extraction approaches
and classifier architectures.

The objective of this study is not to propose a novel multi-output architecture, loss
function, or multi-task optimization strategy. Rather, the proposed framework was inten-
tionally designed to isolate the effect of the acoustic representation itself under a unified
classification setting.

2.5. Model Training (K-Fold Ensemble)

Model training was performed using a stratified, group-aware k-fold cross-validation
strategy, where groups correspond to individual welding sessions. This ensures that all
segments derived from a given session are assigned to the same fold, preventing data
leakage and preserving independence between training and validation subsets.

A hold-out test set, comprising 10% of the total welding sessions, was reserved prior
to cross-validation and used exclusively for final model evaluation. The remaining 90%
of the dataset was used within the k-fold cross-validation framework for model training
and validation.

In each fold, a model of the same architecture was trained on a different subset of the
training data. The resulting set of k models forms an ensemble, where diversity arises from
variations in the training data across folds [32,33]. Several values of k were evaluated, with
k = 10 selected as the baseline configuration.

During inference, the final prediction for each input segment was obtained by averag-
ing the output logits of all 10 models in the ensemble (ensemble averaging). The class with
the highest averaged logit value was selected as the predicted label for each target variable.

2.6. Evaluation Metrics

Performance was assessed using both per-target classification metrics and joint metrics
to fully characterize the classifiers’ behavior in the multi-output setting. The evalua-
tion framework is divided into two complementary levels. First, individual metrics are
computed independently for each target variable to assess per-target classification per-
formance, following standard machine learning practices [25]. Second, joint evaluation
metrics, originally formalized in the multi-label learning literature [32,33] and applicable
to multi-output classification with categorical targets, are employed to assess the model’s
ability to correctly predict all outputs simultaneously. This dual-level evaluation enables a
comprehensive analysis of both independent target performance and overall multi-output
prediction capability.

2.6.1. Individual Evaluation Metrics

For individual metrics, performance was evaluated independently for each classifica-
tion target (plate thickness, electrode type, and current type). Let c denote a specific class
within a target, C the total number of classes for that target, and N the total number of
evaluated samples. TPc, FPc, and FNc represent the true positives, false positives, and false
negatives for class C, respectively.

Accuracy is defined as the proportion of correctly classified samples.

Accuracy =
1

NT

N

∑
i=1

T

∑
t=1

1(ŷi,t = yi,t)
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Precision and recall for each class are defined as:

Precisionc =
TPc

TPc + FPc
,

Recallc =
TPc

TPc + FNc

The Macro F1-score is computed as the unweighted average of the per-class F1-scores,
reducing bias toward majority classes in imbalanced datasets [30].

F1macro =
1
C

C

∑
c=1

2 · Precisionc · Recallc

Precisionc + Recallc

2.6.2. Joint Evaluation Metrics

Since the model simultaneously predicts multiple welding process variables, joint
evaluation metrics were used to assess overall multi-output performance. Let i index
individual samples and l ∈ {1, . . . , L} index the target variables, where L = 3 corresponds
to the plate thickness, electrode type, and current type). Let yi and ŷi denotes the true and
predicted label vector for sample i.

The Exact Match Ratio (also referred to as subset accuracy) measures the proportion
of samples for which all target variables are correctly predicted simultaneously:

Exact Match =
1
N

N

∑
i=1

1(ŷi = yi)

The Hamming Accuracy evaluates the fraction of correctly predicted labels across
all targets:

Hamming Accuracy =
1

N · L

N

∑
i=1

L

∑
l=1

1(ŷil = yil)

While Exact Match provides a strict evaluation criterion requiring all target variables
to be predicted correctly simultaneously, Hamming Accuracy offers a more granular mea-
sure by accounting for partial prediction correctness across individual targets. Together,
these metrics provide complementary perspectives on overall multi-output prediction
consistency and per-target classification behavior [34,35].

2.7. Computational Performance Evaluation

Computational performance was evaluated in terms of model training time and
inference time for each feature extraction approach and classifier architecture.

Model training and inference were executed on the GPU, and inference time was
computed as the average processing time per segment using a fixed batch size of 32. All
evaluations were performed using 5 s audio segments with 50% overlap and a 10-fold
ensemble configuration.

Experiments were conducted on a desktop workstation equipped with an AMD Ryzen
5 3600 CPU, and NVIDIA GeForce RTX 3070 GPU, 32 GB of DDR4 RAM, and a Samsung
970 EVO 1 TB SSD, running Windows 11 Pro.

3. Results
The experimental evaluation covered a comprehensive set of configurations defined

by the combination of three acoustic representation approaches (MFCC, VGGish, and
YAMNet), three classifier architectures (Feedforward, X-Vector, and ECAPA-TDNN), seven
segment durations (1, 2, 5, 10, 20, 30, and 50 s), four overlap ratios (p = 0, 0.25, 0.5, and 0.75),
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and eight ensemble sizes (k = 1, 2, 3, 5, 7, 10, 15, and 20 folds). All configurations were
evaluated using the held-out test set.

From this experimental grid, a baseline configuration was selected using a segment
duration of 5 s, an overlap ratio of p = 0.5, and k = 10 cross-validation folds. This combi-
nation provided a balance between classification performance, training stability, temporal
resolution, and computational cost. Unless otherwise stated, all comparisons presented in
the following sections are based on this baseline configuration.

3.1. Individual Metrics

The following sections analyze individual classification performance in terms of
accuracy and Macro F1-score across the three target variables. While all configurations are
reported, particular attention is given to models achieving performance above 90% as these
represent the most relevant candidates for robust SMAW process characterization.

3.1.1. Accuracy

Figure 6 shows the classification accuracy as a function of segment duration for the
three target variables (plate thickness, electrode type, and current type) across all feature
extraction approaches and classifier architectures.

Figure 6. Accuracy as a function of segment duration (1 to 50 s) for all nine approach-architecture
combinations at the baseline configuration (k = 10, p = 0.5). (A) Plate Thickness. (B) Electrode
Type. (C) Current Type.

Across all targets, MFCC-based models consistently achieve the highest accuracy,
maintaining performance above 90% for most segment durations. The lowest perfor-
mance is observed at 1 s, indicating that very short segments do not provide sufficient
temporal information for reliable classification. At the baseline configuration (5 s), the
best performing combination is MFCC + ECAPA-TDNN, which consistently outperforms
embedding-based approaches.

In contrast, VGGish-based models exhibit lower accuracy overall, with performance
increasing as segment duration increases, suggesting that longer temporal context is re-
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quired to stabilize the learned embeddings. YAMNet-based models exhibit the greatest
variability in segment durations, suggesting sensitivity to temporal windowing despite
their higher-dimensional representation.

Among the three classification targets, the Current Type (AC/DC) task achieves the
highest accuracy across all configurations, with several MFCC-based models reaching near-
perfect performance at the baseline duration. This behavior reflects the strong, systematic
acoustic differences induced by alternating and direct current models.

The Plate Thickness task exhibits intermediate performance, while the Electrode Type
task presents the lowest accuracy values and the highest inter-class variability. This is likely
due to the similarity in coating composition and arc behavior among certain electrode
types, resulting in more subtle acoustic differences that are harder to discriminate.

Overall, these results demonstrate that the MFCC-based representation provides
more stable and discriminative features for SMAW acoustic classification than deep audio
embeddings, particularly for limited segment durations.

3.1.2. F1-Score

Figure 7 presents the Macro F1-score as a function of segment duration for the three
classification targets. In contrast to accuracy, the Macro F1-score provides a more balanced
evaluation by accounting for class imbalance, particularly relevant for the electrode type
and current type variables.

Figure 7. Macro F1-score as a function of segment duration (1 to 50 s) for all nine approach-architecture
combinations at the baseline configuration (k = 10, p = 0.5). (A) Plate Thickness. (B) Electrode
Type. (C) Current Type.

Across all targets and segment durations, MFCC-based models consistently achieve
the highest F1 scores, maintaining values above 90% in most configurations. At the baseline
duration of 5 s, the MFCC + ECAPA-TDNN combination yields the best performance
among all evaluated models.

Embedding-based approaches (VGGish and YAMNet) exhibit lower F1 scores over-
all, with performance improving as segment duration increases. However, even longer
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durations remain below the MFCC-based models for most configurations, indicating that
handcrafted spectral features provide more robust class discrimination under class imbal-
ance conditions.

Among the three targets, the Current Type task achieves the highest F1 score across all
models, with several MFCC-based configurations reaching near-perfect values. The Plate
Thickness task shows intermediate performance, while the Electrode Type task presents
the lowest F1 scores, reflecting the increased difficulty of distinguishing between electrodes
with similar coating characteristics and arc behavior.

These results reinforce the trends observed in the accuracy analysis and demonstrate
that MFCC-based representations not only achieve higher accuracy but also provide more
balanced and stable classification performance across classes.

3.1.3. Confusion Matrix

To further characterize the classification behavior under the baseline configuration,
normalized confusion matrices were computed on the test set for the best-performing
model (MFCC + ECAPA-TDNN at 5 s, k = 10, p = 0.5). Figure 8 presents the normalized
confusion matrices for Plate Thickness, Electrode Type, and Current Type in panels (A), (B),
and (C), respectively.

Figure 8. Normalized confusion matrices on the test set for the MFCC + ECAPA-TDNN model at the
baseline configuration (5 s, k = 10, p = 0.5). (A) Plate Thickness (3 mm, 6 mm, 12 mm). (B) Electrode
Type (E6010, E6011, E6013, E7018). (C) Current Type (AC, DC). The color intensity represents the
normalized proportion of samples, with darker shades indicating higher values.
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For the plate thickness classification task, high diagonal values across all classes
(3 mm, 6 mm, 12 mm) indicate strong discriminative performance. The most frequent
misclassifications occur between 3 mm and 6 mm plates, suggesting that these thicknesses
produce a more similar acoustic signature compared to the 12 mm conditions.

In the electrode type classification task, the highest confusion is observed between
E6010 and E6011, which is consistent with their similar cellulosic coating composition
and arc behavior, leading to comparable metal transfer dynamics and acoustic signa-
tures [36]. In contrast, E6013 and E7018 exhibit clearer separation, indicating more distinct
acoustic signatures.

For the current type of classification task, near-perfect separation is observed between
AC and DC conditions, with minimal misclassification. This result is consistent with
the physical characteristics of the SMAW process, where alternating current introduces
a periodic oscillatory component associated with arc current reversal (typically around
50–60 Hz), resulting from cyclic arc extinction and re-ignition, and producing a distinctive
acoustic pattern, that facilitates reliable discrimination [3,37].

Overall, the confusion matrix analysis confirms that classification performance is
strongly influenced by the physical differences between welding conditions, with greater
separability observed for variables that induce more pronounced changes in arc dynamics
and acoustic emissions.

3.2. Time-Domain Signal Inspection

To provide qualitative insight into the acoustic differences between welding conditions
prior to feature extraction, representative short waveform fragments were examined directly
in the time domain. Figure 9 shows 200 ms excerpts of raw audio signals under four
representative welding conditions (A) E6011-AC-6 mm, (B) E6010-DC-6 mm, (C) E6010-
DC-6 mm, (D) E7018-DC-6 mm.

Figure 9. Representative 200 ms waveform segments from welding arcs. (A,B) E6011/AC vs.
E6011/DC: AC exhibits denser activity with amplitude modulation from 50 Hz re-ignition; DC
is more uniform and lower amplitude. (C,D) E6010/DC vs. E7018/DC: E6010 shows sustained
high-density crackling (cellulosic), while E7018 produces a sparser, lower-energy signal (stable low-
hydrogen arc). Amplitudes normalized to full-scale range; rows share common vertical scale for
direct comparison.

Panels (A) and (B) compare the effect of current type under the same electrode and
plate thickness conditions. The AC waveform in panel (A) exhibits more pronounced
low-frequency amplitude modulation and stronger transient excursions, consistent with
the periodic arc extinction and re-ignition behavior characteristic of alternating current
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welding. in contrast, the DC waveform in panel (B) appears more continuous and stationary,
with reduced amplitude fluctuation over time.

Panel (C) and (D) compare the effect of electrode type under the same current mode
and plate thickness conditions. The E6010 waveform in panel (C) exhibits a more irregular
and impulsive structure, consistent with its more aggressive arc behavior, whereas the
E7018 waveform in panel (D) appears comparatively smoother and more stable.

These waveform-level differences provide qualitative evidence that some welding
conditions are already partially distinguishable directly in the time domain. However,
although these differences are visually observable, raw waveform inspection alone is not
sufficiently robust for reliable classification under realistic workshop conditions. Fea-
ture extraction remains necessary to obtain stable and discriminative representations for
automated classification.

3.3. Feature Space Analysis

To further examine the intrinsic separability of the evaluated feature representations, a
feature space analysis was conducted using t-distributed Stochastic Neighbor Embedding
(t-SNE) on the test-set feature representations produced by each approach under the
baseline configuration (5 s segments, p = 0.5). The t-SNE projections were generated using
a perplexity of 30 and 1000 iterations. Figure 10 presents the resulting two-dimensional
projections color-coded by electrode type (top row), current type (middle row), and plate
thickness (bottom row) for MFCC, VGGish, and YAMNet features, respectively.

Figure 10. t-SNE visualizations of test-set feature representations for (A–C) electrode type, (D–F) current
type, and (G–I) plate thickness using MFCC (A,D,G), VGGish (B,E,H), and YAMNet (C,F,I) features.
Each point represents a 5 s audio segment. Compact, well-separated clusters in the MFCC space
confirm the inherent discriminability of spectral features for SMAW parameter classification.
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MFCC-based features form more structured and compact distributions, particularly
for the current type, where a clearer separation between AC and DC samples is observed. In
contrast, VGGish and YAMNet embeddings exhibit substantially greater intra-class spread
and inter-class overlap, especially for electrode type, indicating weaker intrinsic separability
in the raw feature space. This difference in feature organization is evident before classifier
inference, indicating that the advantage of MFCC is inherent to the representation and not
solely an artifact of the ECAPA-TDNN architecture.

To complement the visual analysis, the silhouette coefficient and Davies-Bouldin index
were computed on the original standardized feature spaces and are reported in Figure 10.
Although the absolute values remain modest due to the partial overlap and inherent
similarity between welding classes, the overall trend is consistent with the visual projections.
MFCC yields a more stable, task-aligned feature organization, whereas embedding-based
representations produce less compact, more entangled clusters.

To further assess whether this advantage emerges only under the ECAPA-TDNN archi-
tecture, additional comparisons were performed using classifiers of increasing complexity
on the same test set. As shown in Figure 11, MFCC maintains a measurable advantage
over VGGish and YAMNet even with linear and shallow non-linear classifiers, while the
performance gap widens substantially larger with ECAPA-TDNN. This indicates that the
superiority of MFCC stems from the feature representation and is amplified, rather than
created by the classifier.

Figure 11. Exact Match comparison across classifiers of increasing complexity using the same
test set. MFCC maintains a measurable advantage over VGGish and YAMNet under linear and
shallow non-linear classifiers, while the performance gap increases substantially with ECAPA-TDNN,
indicating that MFCC superiority originates in the feature representation and is amplified by classifier
complexity. Red ∆ values indicate the Exact Match performance gap (percentage points) between
MFCC and the best embedding-based representation, highlighting the more than 25 percentage point
advantage observed for the ECAPA-TDNN classifier.

These results provide additional evidence for the interpretation discussed in Section 4.3,
in which the performance gap is examined in terms of domain mismatch between general-
purpose audio embeddings and welding-specific acoustic signals.

3.4. Joint Metrics
3.4.1. Multi-Output Performance

The joint evaluation on the test set under the baseline configuration reveals a clear
and consistent performance gap in the acoustic representation. Figure 12 presents the Exact
Match and Hamming Accuracy results for all feature–architecture combinations.
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Figure 12. Joint evaluation metrics for all tested approach-architecture combinations at the baseline
configuration (5 s, k = 10, p = 0.5). (A) Exact Match grouped by acoustic approach (MFCC, VGGish,
YAMNet), with individual bars for each classifier architecture (Feedforward, X-Vector, ECAPA-
TDNN). (B) Hamming Accuracy for the same groupings.

Across all models, MFCC-based representation significantly outperforms deep audio
embeddings in both joint metrics. The best-performing configuration (MFCC + ECAPA-
TDNN) achieves 94.51% Exact Match and 97.88% Hamming Accuracy, indicating highly
consistent simultaneous prediction across all three welding variables.

In comparison, VGGish-based models reach a maximum of 69.30% Exact Match and
85.31% Hamming Accuracy, while YAMNet-based models achieve 65.19% and 81.63%,
respectively. This corresponds to a performance gap of more than 25 percentage points in
Exact Match between MFCC and the best embedding-based approaches.

Within each feature extraction approach, differences between classifier architectures
are relatively small. For example, MFCC-based models vary by only 3.6 percentage points
in Exact Match, while VGGish-based models vary by 1.4 points. This indicates that the
choice of acoustic representation has a significantly greater impact on performance than
the selection of classifier architecture.

The difference between Exact match and Hamming Accuracy further highlights the
challenge of multi-output prediction. While Hamming Accuracy remains relatively high
across all approaches, Exact Match reveals that embedding-based models struggle to
consistently predict all three variables simultaneously.

These results demonstrate that MFCC-based representations provide more reliable and
consistent multi-variable classification, making them better suited for practical SMAW mon-
itoring applications where simultaneous identification of welding conditions is required.

3.4.2. Stratified Joint Performance Analysis

To account for the structural dependency between electrode type and current type
labels, Table 6 reports Exact Match and Hamming Accuracy separately for DC-only sessions
(E6010 and E7018) and dual-mode sessions (E6011 and E6013 evaluated under both current
types). Across both subgroups, MFCC consistently outperformed embedding-based fea-
tures, with ECAPA-TDNN achieving the highest Exact Match in DC-only sessions (95.71%)
and dual-mode sessions (93.91%), indicating that this advantage is not solely explained by
label dependency.

Embedding-based features, however, showed a pronounced performance drop in
DC-only sessions, with VGGish and YAMNet exhibiting reductions of approximately
20 percentage points in Exact Match relative to dual-mode conditions. This behavior
suggests that these representations are less effective at capturing the welding-specific
acoustic characteristics associated with E6010 and E7018 weld signatures.
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Table 6. Stratified classification performance by feature extractor and electrode subgroup. Exact
Match and Hamming Accuracy are reported separately for DC-only sessions (E6010 and E7018) and
dual-mode sessions (E6011 and E6013 evaluated under both AC and DC conditions).

Approach Session
Subgroup

X-Vector ECAPA-TDNN Feed Forward
Exact

Match (%)
Hamming
Acc. (%)

Exact
Match (%)

Hamming
Acc. (%)

Exact
Match (%)

Hamming
Acc. (%)

MFCC
DC-only 93.40 96.92 95.71 97.91 90.76 95.71

Dual-mode 93.91 97.70 93.91 97.86 90.95 96.22

VGGish
DC-only 56.75 75.50 59.00 77.42 56.75 75.92

Dual-mode 76.41 91.05 76.77 91.05 78.95 92.01

YAMNet
DC-only 53.25 72.17 47.75 65.08 53.75 72.17

Dual-mode 73.87 88.51 71.51 88.51 72.23 88.45

While the structural constraint between electrode and current type reduces the effective
difficulty of joint prediction in DC-only combinations, the stratified results demonstrate that
the overall performance hierarchy across feature extractors remains consistent regardless
of subgroup composition.

3.4.3. Session-Level Aggregation

Although all dataset partitions were performed at the welding-session level to prevent
data leakage, the previous analyses were computed at the segment level to evaluate low-
latency inference performance. To further assess operational stability at the session level,
majority voting was performed across overlapping segments within the same welding
session using the best-performing ECAPA-TDNN classifier for each feature representation.
The resulting session-level metrics are summarized in Table 7.

Table 7. Session-level joint classification performance obtained through majority voting across
overlapping segments within each welding session. Results are reported for the best-performing
ECAPA-TDNN configuration of each feature representation.

Feature Repre-
sentation

Exact
Match (%)

Hamming
Acc. (%)

Plate
Acc. (%)

Electrode
Acc. (%)

Current
Acc. (%)

MFCC 100.00 100.00 100.00 100.00 100.00
VGGish 94.74 98.25 94.74 100.00 100.00
YAMNet 89.47 94.74 92.11 97.37 94.74

Majority voting consistently improves joint and per-target metrics relative to segment-
level prediction for all three representation approaches. The MFCC + ECAPA-TDNN model
achieves 100% session-level Exact Match and 100% Hamming Accuracy, compared to 94.51%
and 97.88% at the segment level. This improvement reflects the redundancy provided by
multiple overlapping segments per session and demonstrates that the proposed framework
effectively leverages temporal consistency across the full welding pass. Session-level
accuracy is particularly relevant for practical monitoring applications, where a decision per
weld bead, rather than per individual segment, is typically required.

The results indicate that many segment-level prediction inconsistencies are tempo-
rally localized and can be effectively mitigated through session-level aggregation, thereby
substantially improving operational stability during continuous welding monitoring.

3.5. Computational Performance

In addition to classification performance, computational efficiency was evaluated
to assess the practical feasibility of each approach for real-time or near real-time SMAW
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monitoring. Training time and inference time were analyzed as functions of segment
duration and feature extraction method, considering that both data volume and model
complexity directly impact deployment constraints.

The following section analyzes the computational cost of each feature–architecture
combination, highlighting the trade-offs between classification performance and computa-
tional efficiency.

3.5.1. Training Time

Training time is strongly influenced by the number of training samples, which in-
creases as segment duration decreases. In the evaluated dataset, the number of segments
ranges from 448 samples at 50 s to 43,170 samples at 1 s, resulting in a significant increase
in computational cost for shorter segment durations. Additionally, the ensemble size k
directly scales the training time, as each fold produces an independent model.

Figure 13 shows the training time as a function of segment duration for all feature–
architecture combinations. Across all approaches, training time increases sharply for
segment durations below 5 s, reflecting the rapid growth in dataset size.

Figure 13. Training time as a function of segment duration (1 to 50 s) for all approach-architecture
combinations (MFCC, VGGish, YAMNet, each with Feedforward, X-Vector, and ECAPA-TDNN
classifiers). The vertical dashed line marks the baseline configuration at 5 s.

In the baseline configuration (5 s, k = 10), MFCC-based models consistently achieve
the lowest training times across all architectures, whereas YAMNet-based models incur
the highest computational cost due to their higher-dimensional embeddings. The VGGish-
based model exhibits intermediate behavior.

For longer segment durations (≥20 s), training times decrease significantly across all
approaches, as the number of training samples is reduced. However, this reduction in
computational cost comes at the expense of lower temporal resolution.

These results highlight the strong dependency between segmentation strategy and
computational efficiency and demonstrate that MFCC-based representations provide a
more favorable trade-off between performance and training cost.

3.5.2. Inference Time

Per-segment inference latency remained low across all configurations and approaches,
confirming the feasibility of the proposed system for near real-time acoustic monitoring.

Figure 14 presents the average inference time per segment for each feature–architecture
combination under the baseline configuration (5 s segments, k = 10). Ensemble inference
was executed on the GPU using a batch size of 32.
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Figure 14. Per-segment inference latency at the baseline configuration (5 s, k = 10, p = 0.5), for MFCC,
VGGish, and YAMNet.

Across all approaches, Feedforward models consistently exhibit the lowest inference
latency, followed by X-vector architectures, while ECAPA-TDNN models incur the highest
computational cost due to their more complex temporal modeling. The MFCC-based model
achieves the lowest overall inference times overall, with latencies of approximately the
order of 10 ms per segment for Feedforward networks and approximately 25 ms for X-vector
models. In contrast, embedding-based approaches introduce additional computational
overhead, with VGGish and YAMNet requiring substantially longer inference times across
all architectures.

Among embedding-based methods, YAMNet generally exhibits higher inference
latency than VGGish due to its higher-dimensional representations, although ECAPA-
TDNN shows comparable behavior across both embeddings.

These results reinforce that MFCC-based representations not only provide superior
classification performance but also enable faster inference, making them more suitable for
real-time SMAW monitoring systems where both accuracy and latency are critical.

4. Discussion
4.1. Confusion Matrix Results

The confusion matrix analysis provides additional insight into the separability of the
welding parameters and helps explain the trends observed in the classification metrics.

Among the evaluated targets, the current type exhibits the highest separability, as
reflected in the near-perfect classification performance across all models. This behavior can
be attributed to the distinct acoustic signature introduced by alternating current operation,
where periodic arc extinction and re-ignition generate a characteristic oscillatory component
in the emitted sound.

In contrast, electrode type presents the greatest classification difficulty. The observed
confusion between E6010 and E6011 is consistent with their similar cellulosic coating
compositions and arc characteristics, leading to comparable metal transfer dynamics and
acoustic emissions. This reduced inter-class variability limits the discriminative capacity of
both handcrafted and learned features.

Plate thickness shows intermediate behavior, with occasional confusion between adja-
cent thickness levels. This suggests that the corresponding acoustic differences are more sub-
tle and likely influenced by secondary effects such as heat input and weld pool dynamics.

Overall, these observations indicate that classification performance is strongly gov-
erned by the physical distinctiveness of the welding conditions. Variables that induce
more pronounced changes in arc behavior and acoustic emission are more easily separable,
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highlighting the importance of incorporating process knowledge when designing acoustic
monitoring systems.

4.2. Welding Audio Noise

The acoustic recordings were acquired in real workshop environments characterized
by non-stationary background noise from surrounding machinery, ventilation systems, and
human activity. Although no controlled external disturbance was intentionally introduced
during the welding trials, occasional stationary and impulsive noise from adjacent work-
shop operations, including angle grinding and hammering, was intermittently present
and could be perceived at the monitoring station despite occurring at a distance from the
monitored welding setup. Rather than applying aggressive noise suppression, which risks
filtering acoustically relevant components of the welding process, the methodology inten-
tionally preserved the raw signal structure and relied on robust session-level partitioning
to prevent data leakage.

In welding applications, the distinction between signal and noise is not always well
defined. Acoustic emissions generated by arc instability, metal transfer, and spatter are
inherently stochastic and can resemble background noise, yet they carry important informa-
tion about process conditions. Previous studies have shown that welding acoustic signals
arise from multiple superimposed sources, including arc ignition and extinction, metal
transfer dynamics, and process-induced disturbances, resulting in complex, non-stationary
acoustic behavior [38]. Although such studies are often conducted in gas-shielded pro-
cesses, similar acoustic complexity is present in SMAW due to flux decomposition and
arc-plasma interactions. Consequently, filtering strategies designed to remove noise may
inadvertently suppress discriminative features relevant for classification.

The acoustic environment during data acquisition exhibited a heterogeneous mixture
of noise contributions, which can be broadly grouped into three categories: (i) approxi-
mately stationary broadband noise produced by ventilation and fume-extraction systems;
(ii) non-stationary transient noise from adjacent metalworking activities such as grinding,
cutting, and hammering; and (iii) process-intrinsic stochastic emissions generated by the
welding arc itself, including spatter, droplet detachment, and arc instabilities. The third
category is particularly relevant for welding acoustic analysis, since it simultaneously
represents a noise component from a signal-processing perspective and an informative
component from a process-monitoring perspective.

Consequently, the conventional definition of signal-to-noise ratio (SNR) becomes am-
biguous in this context. A physically meaningful SNR estimate would require a calibrated
arc-silent reference channel recorded synchronously at the same microphone position,
which was not available within the present acquisition protocol. For this reason, the
robustness of the evaluated representations is reported here implicitly through classifi-
cation stability across sessions acquired under the heterogeneous workshop conditions
described in Section 2.1.1, rather than through a quantitative SNR distribution. A controlled
SNR-stratified evaluation, in which canonical noise types are injected at known levels, is
identified as an important direction for future work and is further discussed in Section 4.5.

The experimental results indicate that all three approaches can operate under these
conditions without explicit filtering, although with different levels of robustness. MFCC-
based representation demonstrates greater stability across configurations, suggesting that
their spectral compression effectively captures relevant acoustic patterns while mitigating
the impact of environmental variability. In contrast, embedding-based approaches such as
VGGish and YAMNet, which are trained on the general-purpose AudioSet, appear more
sensitive to non-stationary noise and domain mismatch in welding environments.
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These findings support the use of minimally processed acoustic signals in welding
monitoring applications, where preserving the full signal structure may be more beneficial
than applying aggressive denoising techniques. Under the tested workshop conditions,
the proposed approach remained stable despite intermittent environmental disturbances,
indicating that relevant welding information can still be extracted without explicit noise
suppression. However, stronger or sustained external disturbances were not systematically
evaluated in this study and should be assessed in future work to quantify the operational
robustness limits of the proposed approach. Therefore, the robustness demonstrated in this
study should be interpreted within the acquisition conditions represented in the present
dataset rather than universal robustness across arbitrary industrial environments.

4.3. Embeddings vs. Spectral Analysis for Welding

The results show that the choice of acoustic representation has a dominant impact on
classification performance. Despite being trained on large-scale datasets, the pre-trained
embedding approaches (VGGish and YAMNet) are consistently outperformed by the
spectral representation (MFCC) across all evaluation metrics. MFCC-based models exceed
embedding-based approaches by more than 25 percentage points in Exact Match on the
held-out test set. This large performance gap suggests that the observed differences are
primarily driven by the suitability of the feature representation to the welding domain
rather than by classifier complexity alone.

The observed performance gap between MFCC and deep audio embeddings can be
attributed to several factors that compound. VGGish and YAMNet exhibit a strong domain
mismatch with SMAW arc sound, since both models were optimized for general-purpose
audio classification across thousands of heterogeneous AudioSet categories rather than
for the quasi-periodic and quasi-stationary spectral patterns associated with welding arc
dynamics. Notably, both embedding approaches yielded remarkably similar classification
performance across all evaluated tasks, suggesting that the dominant limitation arises
primarily from representation-domain mismatch rather than from architectural differences
between the two models. On the other hand, MFCC explicitly preserves the signal’s
low-frequency spectral envelope via Mel-scale filtering, making it inherently sensitive to
arc modulation, metal transfer dynamics, and the oscillatory components introduced by
AC operation. In contrast, general-purpose deep audio embeddings may suppress these
narrow-band spectral structures as non-salient variability relative to the semantic audio
categories for which they were originally optimized.

The relatively small size of the welding-specific dataset (373 sessions) further limits
the feasibility of reliably fine-tuning large embedding backbones such as VGGish and
YAMNet without substantial overfitting risk. Consequently, both embedding models
were used as fixed feature extractors, restricting adaptation to welding-specific acoustic
characteristics. Together, these factors explain why MFCC-based representations, despite
their lower dimensionality, provide substantially more informative inputs for SMAW
parameter classification under the evaluated experimental conditions.

Furthermore, the results indicate that the acoustic representation constitutes the pri-
mary performance bottleneck. Within each feature-extraction approach, differences in clas-
sifier architecture are comparatively small, whereas switching from MFCC to embedding-
based representations results in substantial performance degradation. This interpretation
is further supported by the feature space analysis in Section 3.3, where MFCC exhibits
more structured feature organization prior to classification and maintains a measurable
advantage even under simpler classifiers.

This trend also remains consistent under the subgroup analysis presented in
Section 3.4.2, where MFCC-based models maintain superior Exact Match performance
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in both DC-only and dual-mode operating conditions, indicating that the observed per-
formance advantage is not solely explained by structured label dependency. Neverthe-
less, the session-level aggregation results presented in Section 3.4.3 also demonstrate that
embedding-based representation substantially improves under majority-vote temporal
aggregation, indicating that many prediction inconsistencies are locally transient rather
than systematically incorrect.

These findings suggest that, for domain-specific applications involving manual SMAW
processes in real-world environments, handcrafted spectral features may provide more
effective and data-efficient representations than general-purpose deep audio embeddings.
Beyond the quantitative performance gap itself, the present analysis indicates that the
observed differences are structural rather than purely architectural. The superiority of
MFCC emerges prior to classifier training, remains consistent across model complexity,
persists under subgroup stratification, and reflects a domain-level mismatch between
general-purpose audio representations and welding-specific acoustic patterns.

It is important to emphasize that the inferior performance of VGGish and YAMNet
in this study does not imply a general limitation of deep audio embeddings for acoustic
monitoring tasks. Rather, the results reflect a specific domain mismatch: both models
were pre-trained on AudioSet, a corpus of general-purpose audio events with statistical
properties substantially different from those of SMAW arc sounds. Under conditions
where deep embeddings are either pre-trained on welding-specific data or fine-tuned on
a sufficiently large in-domain dataset, performance comparable to or exceeding MFCC
may be achievable. The development of welding-specific deep audio embedding models is
therefore identified as an important direction for future work.

4.4. Process Parameters and Acoustic Monitoring

The classification results reflect the inherent physical separability of the evaluated
welding parameters. The current Type (AC/DC) is consistently identified with the highest
accuracy across all models, as expected given its distinct acoustic signature. This distinction
is also qualitatively visible in the raw waveform fragments shown in Section 3.2, where AC
signals exhibit stronger low-frequency amplitude modulation and more pronounced tran-
sient excursions than DC signals under comparable welding conditions. Alternating current
introduces a systematic oscillatory component associated with periodic arc extinction and
re-ignition, which is absent in direct current operation. In addition, the current type labels
are partially structured by SMAW process compatibility constraints, since some electrode
classes (E6010 and E7018) were evaluated only under DC operation due to their coating
composition and arc stability requirements. Consequently, the observed separability reflects
both the intrinsic acoustic differences between AC and DC welding and the physically
valid operating conditions represented in the dataset. This dependency also affects the
interpretation of the join evaluation metrics. Exact Match requires simultaneous correct
prediction of all output labels and therefore benefits more from structured label correlations,
whereas Hamming Accuracy evaluates each target independently and is less sensitive to
inter-label dependency. However, the subgroup analysis presented in Section 3.4.2 shows
that the overall performance hierarchy across feature extractors remains consistent under
both DC-only and dual-mode operating conditions.

The session-level aggregation analysis presented in Section 3.4.3 further indicates
that many segment-level prediction inconsistencies are temporally localized and can be
mitigated through majority-vote aggregation across complete welding sessions. While
segment-level inference remains more appropriate for low-latency process monitoring and
real-time feedback, the session-level results demonstrate that the proposed framework
maintains strong temporal consistency throughout the welding pass.
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In contrast, electrode type and plate thickness were more difficult to classify. In par-
ticular, the difference between chemically similar consumables (e.g., E6011 and E6013)
was more challenging, likely due to their comparable coating composition and arc behav-
ior, which produce similar acoustic signatures. At the waveform level, this contrast is
also reflected in the more irregular and impulsive behavior observed for E6010 relative
to the smoother and more stable waveform of E7018, as shown in Section 3.2. These
results suggest that arc sound is particularly effective for identifying coarse process condi-
tions, whereas finer distinctions between consumables may require more discriminative or
domain-adapted representation.

Although the present study focused exclusively on process-parameter classification,
the observed sensitivity of acoustic signals to changes in welding conditions supports
the broader potential of acoustic monitoring for process-state assessment. Variations in
arc stability, metal transfer behavior, and transient disturbances are known to influence
acoustic emissions and may provide discriminative information for identifying unstable
operating conditions.

However, weld discontinuity detection was not addressed in this work and should
not be inferred directly from the present results. Detecting discontinuities such as porosity,
lack of fusion, or slag inclusion would require dedicated annotations at the defect-event
level and a task-specific modeling framework designed for event localization or anomaly
detection. In this context, the present study should be interpreted as a process-monitoring
foundation that may support future work on acoustic-based discontinuity detection, rather
than as a direct defect detection system.

4.5. Limitations

While the proposed methodology demonstrates strong performance for SMAW acous-
tic classification, several limitations should be acknowledged.

First, the study is restricted to the SMAW process under workshop conditions. Al-
though the recordings naturally incorporate the ambient and non-stationary background
noise sources detailed in Sections 2.1.1 and 4.2, the experimental setup employed a fixed
microphone position near the welding arc. Variations in sensor placement, distance, and
orientation may affect the acoustic signal characteristics and should be evaluated in future
studies. These acquisition constraints were intentionally maintained during the present
feasibility study to isolate the contribution of the acoustic representations under controlled
acoustic acquisition conditions.

In addition, although intermittent background disturbances from adjacent workshop
activity were present during acquisition, the robustness of the proposed approach against
stronger or sustained external noise sources was not systematically evaluated.

A quantitative SNR characterization was not performed because a physically meaning-
ful estimate would require a calibrated arc-silent reference channel recorded synchronously
at the same microphone position, which was not available within the present acquisition
protocol. Consequently, the robustness of the evaluated representations was not assessed
under controlled interference levels or under systematically isolated industrial noise con-
ditions. Future work should therefore include controlled noise-injection experiments,
systematic evaluation across varying microphone-to-arc distances and orientations, and
cross-site validation in workshops with distinct acoustic environments.

Second, the dataset reflects variability introduced by a single operator, which, while
representative of manual welding conditions, does not fully capture the range of skill
levels, electrode manipulation styles, arc lengths, and execution variability encountered
in practice. Extending the dataset to include multiple welders and broader operational
variability would improve the generalizability of the proposed approach.
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Third, the evaluated deep audio embeddings (VGGish and YAMNet) are pre-trained
on general-purpose AudioSet and are not optimized for welding-specific acoustic phe-
nomena, as reflected in the performance differences observed in this study. This domain
mismatch limits their effectiveness, suggesting that domain-adapted or task-specific em-
bedding models may yield improved performance. In this regard, another direction of this
work is the development of a domain-specific audio embedding model trained on welding
arc sound datasets. This approach could address limitations in general-purpose embed-
dings, which are not optimized for welding-specific acoustic phenomena and potentially
improve classification performance in multi-output prediction tasks.

In addition, the proposed multi-output framework relies on standard shared-backbone
classification architectures and does not incorporate task-specific loss balancing, cross-
task attention, or other specialized multi-task learning strategies. While this design was
intentionally selected to isolate the effect of acoustic representation, more advanced multi-
task optimization strategies may further improve joint prediction performance and should
be explored in future work.

Finally, although this study focuses on acoustic-based classification, welding processes
are inherently multimodal. Future work should explore integrating acoustic signals with
electrical measurements and visual monitoring to improve robustness and enable more
comprehensive characterization of welding conditions.

5. Conclusions
This study evaluated the feasibility of multi-output classification of SMAW process

parameters using airborne acoustic signals generated during welding. Three acoustic
representation approaches (MFCC, VGGish, and YAMNet) were evaluated under a unified
experimental framework using ANN-, X-Vector-, and ECAPA-TDNN-based classifiers to
simultaneously predict plate thickness, electrode type, and current type from a single air-
borne acoustic sensing channel. The results demonstrated that MFCC-based representation
consistently outperformed deep audio embeddings across both classification and computa-
tional performance metrics, with the MFCC + ECAPA-TDNN configuration achieving the
highest performance, reaching 94.51% Exact Match and 97.88% Hamming Accuracy at the
segment level. In addition to the classification advantage of more than 25 percentage points
in Exact Match relative to the best embedding-based approaches, the MFCC-based model
also exhibited lower training and inference times. Strong classification performance was
maintained even under short analysis windows, supporting the feasibility of low-latency
acoustic monitoring for SMAW applications.

The analysis indicates that the observed superiority of MFCC is primarily due to
the representation’s suitability for welding-specific acoustic phenomena rather than to
an inherent limitation of deep audio embeddings. Feature-space visualization revealed
that MFCC representations exhibited substantially greater separability prior to classifier
training, while VGGish and YAMNet showed higher intra-class dispersion and inter-class
overlap, consistent with a representation-domain mismatch between AudioSet pre-training
and SMAW arc sound. Among the evaluated targets, Current Type (AC/DC) exhibited
the highest classification separability across all feature representations, consistent with the
distinct oscillatory acoustic behavior associated with alternating current operation. The
session-level aggregation analysis further demonstrated strong temporal consistency across
welding passes, with majority-vote inference substantially improving prediction stability
across all feature representations.

Overall, the results support the feasibility of acoustic-based monitoring for multi-
output characterization of SMAW process conditions under realistic workshop environ-
ments. However, the present work should be interpreted as a process-monitoring frame-
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work rather than a direct weld discontinuity detection system. Future work should therefore
focus on developing welding-specific audio-embedding models, evaluating them under
broader operational variability involving multiple operators and workshop conditions,
and extending the proposed framework toward multimodal, defect-event-aware welding
monitoring systems.
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