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Abstract
Acoustic emission shows great potential for in-situ monitoring and defect diagnosis in wire arc
additive manufacturing (WAAM). However, the AE signal produced during WAAM is heavily
contaminated by arc discharge noise, making it difficult to directly extract defect-related
features from raw data. This study proposes a Mel spectrogram–based deep learning framework
for efficient WAAM health monitoring. The method introduces an enhanced time–frequency
representation strategy that captures defect-related features more effectively under the
high-noise conditions inherent in WAAM processes. By leveraging Mel spectrogram
representations, the framework emphasizes informative low-frequency components while
suppressing high-frequency noise, thereby improving feature interpretability and robustness.
Convolutional neural network and vision transformer models are employed for defect
classification and performance benchmarking. Experimental results demonstrate that the
proposed approach achieves high diagnostic accuracy with substantially reduced computational
cost, outperforming conventional short-time Fourier transform-based methods. The findings
confirm that Mel spectrogram representations offer a more efficient and generalizable solution
for health monitoring in WAAM.
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1. Introduction

Within recent years, advantages including high deposition
rate, low cost, high forming efficiency, high material utiliz-
ation rate, and good manufacturing flexibility have prompted
increased implementation of wire arc additive manufacturing
(WAAM) in advanced manufacturing [1, 2]. Yet the complex
interactions of the process parameters and the nonlinear ther-
modynamics dominating the WAAM process make it diffi-
cult to ensure the consistency and reliability of the products
[3]. Main reasons for fault initiation and propagation are inad-
equate planning of the printing process, the unstable dynam-
ics of weld pools, the accumulation of excessive heat, and the
lack of supply of shielding gases. These problems introduce
flaws such as porosity, residual stress, oxidation, and cracking,
which reduce the mechanical properties and structural reliabil-
ity of the fabricated parts [4]. Therefore, real time-monitoring
is crucial to ensure stable performance and structural integrity
of WAAM-fabricated components.

Conventional approaches used to characterize defects in
AM products include radiographic [5, 6], thermal [7, 8],
optical [9], and ultrasonic inspection methods [10], which are
commonly applied during or after fabrication. However, these
methods are often limited by the trade-off between real-time
monitoring capability and detection accuracy, thus limiting
their overall effectiveness in WAAM applications. Compared
to methods mentioned above, acoustic emission (AE) is a
highly reliable nondestructive (NDT) technique for real-time
monitoring inWAAM, as AE signals inherently carry physical
information generated throughout the manufacturing process
[11]. As a result, AE techniques have been extensively used
in damage detection and remaining useful life prediction [12,
13]. At present, there are two principal categories of AE
analysis: (i) conventional parameter-based methods based on
physical modeling, and (ii) data-driven approaches utilizing
machine learning algorithms [14].

Before analyzing the signals, the extraction of fault-related
components from noisy measurements is performed. Zhang
et al [15] proposed a sparse representation framework with a
generalized logarithm nonconvex penalty to reconstruct repet-
itive transient impulses from heavily noise-contaminated bear-
ing signals, achieving higher reconstruction accuracy than tra-
ditional penalties. Qiu et al [16] formulated a joint sparse
and low-rank optimization model on spectrogram matrices
and developed aMoreau-envelope ADMMalgorithm to separ-
ate weak fault features from strong background components.
Jiao et al [17] constructed a time–frequency–based diction-
ary learning framework to reconstruct leakage-related acous-
tic components, thereby reducing the background interference
and increasing the accuracy of leak localization. Collectively,
these studies indicate that successfully extracting defect-
related response components from noisy measurements sub-
stantially reduces the difficulty of subsequent feature construc-
tion and pattern recognition.

The conventional parameter-based approach is extensively
used due to the physical interpretability of its parameters,

which are directly related to material behavior and defect evol-
ution. Subaşı et al [18] proved that variations in the laser power
and scanning speed are closely associated with AE metrics,
including amplitude, frequency distribution, and sound pres-
sure level, demonstrating that AE characteristics can effect-
ively convey the level of process stability and defect devel-
opment. Gao et al [19] proposed a parameter-based fault dia-
gnosing method for rolling bearings by combining empirical
wavelet decomposition with correlated kurtosis (CK). AE sig-
nals were decomposed using the empirical wavelet decom-
position method, and CK was employed to identify the fre-
quency band that is most sensitive to different failure modes,
after which corresponding features were extracted using the
envelope demodulation. Cui et al [20] investigated fatigue
crack development in steel structures by examining various
AE components and their correlations. The results indicate that
changes in amplitude, energy, and duration of AE signals are
closely related to different stages of crack propagation. Yet
there are several limitations concerning the parameter-based
method. First, features of AE signals are sensitive to material,
environmental, and structural layout changes, making it diffi-
cult to develop a unified set of parameters for different scen-
arios. Second, the informative features on damages that are
vital in fault diagnosis may not be retained in the process of
manual feature extraction and dimensionality reduction [14].
Third, AE signals often suffer from strong noise interference
and weak inter-feature correlation [21], which is often the case
in theWAAMenvironment due to the high-energy arc-induced
noise. These issues increase the probability of false alarms and
considerably limit the performance of traditional threshold-
based detection methods that are based on the conventional
AE parameters. Subsequently, the traditional parameter-driven
methods cannot achieve high-precision fault detection in the
WAAM process.

To address the challenges mentioned above and to improve
diagnosis accuracy for industrial data streams, data-driven
approaches based on machine learning have become increas-
ingly popular in recent years [22]. Ju et al [23] utilized k-
means and Gaussian mixture models to detect crack modes
in AE signals. Liu et al [24] studied the damage evolution
behavior of BFRP-strengthened concrete beam through AE
coupled with unsupervised machine learning. Several para-
meters of AE signals were evaluated, and k-means cluster-
ing was used to stratify AE events into four clusters corres-
ponding to various damage modes. Ji et al [25] proposed a
multimodal structural health monitoring technique that com-
bines the AE with ultrasonic guided wave to measure the stiff-
ness of open-hole laminated composites, establishing a rela-
tionship between cumulative counts of AE and the change in
the structural stiffness. Machine learning methods exhibit sev-
eral prominent features. To begin with, the performance of
machine learningmethods tends to improvewith the amount of
available data. Machine learning models can further improve
their diagnostic ability through parameter optimization to
extract latent information that may not be easily extracted
manually. Second, machine learning models have a certain
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degree of generalizability and transferability and can be adap-
ted to related areas through transfer learning. Despite these
advantages, some limitations still exist. Most machine learn-
ing models are low in interpretability since most of them
are black-box systems that extract features without physical
explanation. Moreover, model selection and hyperparameter
tuning are complicated tasks. The capability of different mod-
els varies considerably under different working conditions,
resulting in inconsistent performance across different scen-
arios. Although it has been observed that multi-model fea-
ture fusion is shown to be effective in enhancing the clas-
sification accuracy, it also comes with the increase of com-
putational expenses, mostly due to comprehensive tuning of
many hyperparameters- including learning rates, batch sizes,
and network depth. Lastly, similar to the traditional parameter-
based method, the AE features extracted by machine learn-
ing frameworks are often vulnerable to interference by both
operational and environmental noise produced by the WAAM
process [21].

Unlike the individual scalar features, time-frequency rep-
resentations provide a more detailed description of the dynam-
ics of the signal, retaining more information that is cru-
cial for fault diagnosis. Most of the existing methods use
short-time Fourier transform (STFT) to create time-frequency
spectrograms. In comparison to STFT, the Mel spectro-
gram highlights the low-frequency components in AE sig-
nals and adopts a perceptual frequency scale designed to
match the perceptual properties of the human ear [26].
Some recent works have discussed how Mel spectrograms
and Mel-frequency cepstral coefficients (MFCCs) can be
used for AE-based damage detection. Ren et al [27] pro-
posed a Mel spectrogram-CNN model for detecting the dam-
age in filament-wound CFRP composites. Mel spectrograms
were obtained by the Mel filter bank, which effectively pre-
serves the low-frequency content of the signal and elimin-
ates high-frequency noise. This spectrogram is then fed into
the ResNet-50 network for classification. The results show
that Mel spectrogram-based deep learning has the potential
to identify different failure modes, including matrix crack-
ing, debonding, and fiber fracture, with high accuracy. Yang
et al [28] made use of MFCCs to study the fracture evolu-
tion of sandstone under varying loading conditions. AE signals
were processed using FFT and Mel filter bank, highlighting
low-frequency components and suppressing high-frequency
noise. The first twelve MFCCs were extracted to capture key
time–frequency and energy distribution features of the AE
signals.

In WAAM processes, process-induced defects are fre-
quently accompanied by low-frequency AE components that
are sometimes perceptible to the human ear. Additionally, due
to the sparse distribution of Mel filters in the high-frequency
range, the Mel spectrogram suppresses unwanted high-
frequency disturbances while preserving informative low-
frequency content. Moreover, the Mel spectrogram provides
a less complex representation compared with the STFT-based
time frequency spectrogram, requiring fewer parameters in
machine learning models, thus reducing its computational

cost, which simplifies the fault diagnosis and feature learning
process.

In this paper, a Mel spectrogram-based fault diagnosis
method for WAAM is proposed. The method is validated on
a WAAM experimental dataset and its performance and effi-
ciency are proven to be superior to the conventional machine
learning methods that use STFT-based features.

The organization of the paper is as follows. Section 2
presents a description of machine learning models used in the
study. Section 3 describes the experimental configuration in
detail. Section 4 presents a Mel spectrogram-based fault dia-
gnosis method and assesses its performance through experi-
mental validation. Section 5 concludes the paper with a sum-
mary of key findings and outlines directions for future work.

2. Data preparation

2.1. Experimental setup

The experimental equipment used consists of a fully custom-
ized cold metal transfer welding station, AE sensors, and a sig-
nal acquisition system, as shown in figure 1. The welding torch
is synchronized to a three-axis positioning system to fabricate
samples with high accuracy. The feedstock used in the fabrica-
tion process is AZ31 magnesium alloy with the chemical com-
position Mg-2.8 Al-0.56Zn-0.37Mn(wt). During the fabrica-
tion process, the scanning rate is 0.02 m min−1, the constant
voltage is 12.8 V, and the welding current is 146 A. Previous
experiments have confirmed that these process parameters
yield deposited samples with excellent mechanical properties.

During the WAAM operation, real-time AE signals are
recorded using the DSSS-8A high-speed acquisition module
with a sampling rate of 3MHz. A broadband AE sensor (WSa,
Physical Acoustics Inc.) is securely attached to the top sur-
face of the steel substrate. This allows real-time recording of
broadband AE signals during the entire deposition process. To
enhance signal quality, a preamplifier is employed for ampli-
fication and noise reduction of the raw AE signals.

To study the influence of printing quality on AE signals,
four coupons made of AZ31 magnesium alloy are fabricated
under different shielding gas flow conditions. The fabricated
specimens were composed of five deposited layers, with an
overall length of 10 cm. The layers are deposited layer by
layer, and the AE signals are recorded throughout the pro-
cess. Samples of four different quality conditions were pro-
duced, i.e., normal, slight, medium, and poor, by adjusting
the flow rate of the shielding gas, as shown in figure 2. All
other process parameters are held constant to ensure internal
homogeneity within each coupon while gas flow settings shif-
ted from 10 l min−1 (normal), 25% reduction, 75% reduction,
and 100% shut-off [21].

AE signals were continuously recorded throughout the pro-
duction process. As each coupon consisted of five layers, the
data was divided into five corresponding signal groups for
each condition, as shown in figure 3. The raw AE wave-
forms showed periodic pulse structures with substantial noise
interference induced by arc discharges. Due to the complex
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Figure 1. Experimental setup.

Figure 2. Coupons of different quality produced with gas flow
settings of (a) 10 l min−1 (normal), (b) 25% reduction, (c) 75%
reduction, and (d) 100% shut-off.

generation mechanism of AE signals and strong signal coup-
ling, directly correlating coupon quality with time-domain
waveforms or spectral features is challenging. Therefore, it
is necessary to perform signal processing to extract defect-
indicative information from raw AE signals.

2.2. Data preprocessing

Before feature extraction, preprocessing of the raw AE sig-
nals is necessary. First, a median filter with a window length
of 500 is applied to suppress high-frequency noise. Since gaps
exist between arc excitation events, many low-energy seg-
ments within the signal contain little or no useful information.
Thus, a low-energymasking strategy is adopted to remove seg-
ments with persistently low energy over extended durations.

The signal envelope is then computed via the Hilbert trans-
form, and a threshold of 0.008 is chosen based on manual
inspection of theWAAMAE signals under normal conditions.
This threshold is both higher than 75% the maximum value of
the AE signal envelope and lower than most of the AE sig-
nal peaks under the normal condition, as shown in figure 4.

The threshold serves as the minimum amplitude required for
the detection of local peaks in the wave packet. Changes in
gas flow would not affect the threshold, as lowering the gas
flow would only increase the amplitude of AE event signals.
Given that each excitation event lasts approximately 5–6 ms
and the sampling frequency is 3 MHz, a local maxima detec-
tion strategy is used to locate effective peaks. During this pro-
cess, aminimumpeak height and aminimumdistance between
peaks are used to ensure the extracted peaks are both signific-
ant in amplitude and temporally independent, thus avoiding
redundant detection due to noise or minor fluctuations.

To ensure each data sample contains exactly one excit-
ation event in WAAM, a minimum inter-peak interval of
15 000 samples is defined. A signal segment of 15 000 points,
centered at each detected peak and extracted using a rectangu-
lar window, is used to construct a single training sample. The
overall process of the proposed method is shown in figure 5.

3. Mel spectrogram–driven deep learning
framework with AE signal

For each data sample procured in section 2.2, time–frequency
representations are computed: spectrograms are obtained via
STFT, and Mel spectrograms are further derived by applying
a Mel filter bank. A pretrained ResNet-50 model is employed
to extract high-dimensional features and to compute inter-
class distances between different gas flow settings. On this
basis, convolutional neural network (CNN) and vision trans-
former (VIT) models are constructed to identify different
defect states. Finally, the model performance is comprehens-
ively evaluated in terms of accuracy, F1-score, confusion mat-
rix, and runtime. The flowchart of the proposed method is
shown as follows:

3.1. Mathematical framework of CNN

CNN is a widely used deep learning model that performs
feature extraction by applying convolutional operations to
input data, enabling effective feature representation [29]. By
employing convolutional layers to extract features from input
data, CNN is capable of learning signal patterns through
optimization of convolutional kernel parameters. In this study,
the CNN is mainly used to investigate the local feature extrac-
tion capability of Mel spectrogram representations.
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Figure 3. Full-length AE signal for WAAM process under shielding gas conditions of (a) 10 l min−1 (normal), (b) 25% reduction, (c) 75%
reduction, and (d) 100% shut-off.

A typical CNN network consists of convolutional layers,
pooling layers, and fully connected layers. The convolutional
layers perform feature extraction by using kernels to collect
information from local neighborhoods,

Z(l) = f
(
Z(l−1) ∗W(l) +b(l)

)
(1)

where * denotes the convolution operation, W(l) and b(l) rep-
resent the convolutional kernel weights and bias of the lth
layer, and f() is a nonlinear activation function (e.g., ReLU).

The output of the convolutional layers is then processed by
pooling layers to reduce its size. The pooling layer performs
down-sampling and feature selection, which reduces the com-
putational complexity and enhances the translational invari-
ance of the learned representations. Common down-sampling
techniques include max pooling and average pooling, which
retain either the strongest or the mean activation within a
neighborhood [30],

Z(l+1) = down
(
Z(l)
)

(2)

where down(·) denotes a downsampling function, commonly
implemented using max pooling or average pooling.

Finally, the network uses fully connected layers to integrate
features and perform classification, as shown in equation (3),

y= ffc (Wfcxfc +bfc) (3)

where y denotes the output vector,Wfc is the weight matrix of
the fully connected layer, bfc is the corresponding bias term, ffc
represents the activation function, and xfc is the input vector.

Owing to its powerful hierarchical feature learning capab-
ility and computational efficiency, CNN has been extensively
used in areas including image recognition, speech processing,
and natural language analysis.

In this study, a lightweight CNN architecture is employed
for signal feature extraction and classification. The model con-
sists of three convolution–pooling modules followed by two
fully connected layers, as shown in figure 6. Its compact struc-
ture and low computational complexity make it suitable for
small- to medium-scale datasets.

The network is designed to process single-channel input
signal maps of size 1× 28× 30. The first convolutional layer
uses 32 3× 3 kernels to produce an output feature map with
the shape of [B,32,28,30], where B denotes the batch size.
A 2× 2 max pooling operation is then applied, reducing the
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Figure 4. AE signal segmentation under the normal condition.

spatial resolution to [B,32,14,15]. The second convolutional
layer makes use of 64 kernels of the same size, followed by
another 2× 2 max pooling layer, yielding a feature map of
[B,64,7,7]. The third convolutional layer further increases the
channel dimension to 128, and after the final pooling opera-
tion, the output has a shape of [B,128,3,3]. This output is then
flattened into a vector of size 1152 and passed through a fully
connected layer with 256 units. The final result is presented by
an output layer consisting of 4 neurons corresponding to the
four-class classification task.

3.2. Mathematical framework of VIT

Compared with CNN, which focuses on local features, ViT
emphasize global representations by dividing the input image
into fixed-size patches [31]. In this study, it is used to evaluate
the global feature modeling capability of the Mel spectrogram
representation.

In the VIT model, each patch is reshaped into a one-
dimensional vector and mapped into aD -dimensional embed-
ding space via linear projection, where D denotes the embed-
ding size. The patch embeddings are defined as:

zp =WEFlatten (xp) + bE, p= 1,2, ...,N, (4)

where xp is the pth image patch,WE ∈ RD×(P2C) is a learnable
linear projection matrix, bE is the bias term, and N is the total
number of patches.

Two learnable components zcls and Epos are added to the
patch embeddings. zcls is a token for classification and Epos is

a positional encoding for spatial information. The input to the
Transformer encoder is thus formulated as:

Z0 = [zcls,z1,z2, . . . ,zN] +Epos. (5)

The input sequence is then fed into a stack of transformer
encoder layers, each consisting of multi-head self-attention
(MSA), position-wise feedforward networks (FFN), residual
connections, and layer normalization. The mechanism of the
MS layer is shown in equation (6),

Attention(Q,K,V) = softmax

(
QK⊤
√
dk

)
V. (6)

Attention weights are derived from the dot product the dot
productQK⊤, which signifies the similarity between the query
Q and key K. This result is normalized by

√
dk, where dk is

the key dimension, and transformed into attention coefficients
via the softmax function. V is the linear projection of the ori-
ginal input into the value space. The final attention output is
the weighted sum of the value vector V [32].

Finally, classification is performed based on the encoded
zcls token, which is passed through a multilayer perceptron
(MLP) head.

In this study, visual features are extracted using the ViT-
B/16 model, which is based on the original framework pro-
posed by Dosovitskiy et al [31] and implemented via the
PyTorch torchvision library. The designation ‘B/16’ refers to
the base-scale model with an input patch size of 16× 16.
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Figure 5. Flowchart of the proposed method.

The architecture is illustrated in figure 7. The input image
of size 3× 224× 224 is partitioned into 196 non-overlapping
patches. Each patch is flattened and linearly projected into
a 768-dimensional embedding space. A learnable CLS token
and positional encoding are then added to the embedding. 12
transformer encoder layers, each consisting of MSA, a FFN
with hidden size 3072, residual connections, and layer nor-
malization are used to process the sequence. The final output
is fed into a MLP head for classification. The model is fully
attention-based, making it able to model global context and
improve generalization performance.

3.3. STFT and Mel spectrogram

The Mel spectrogram is a time–frequency representation
method based on the auditory perception properties of the
human ear. The way humans perceive frequency is non-
linear, with lower frequency parts being more resolved than
higher frequency parts. This is also the principle of the Mel

Figure 6. Architecture of the Mel CNN model.

spectrogram; it naturally has a higher resolution for low-
frequency components [26].

To derive Mel spectrogram from AE signals, the raw time-
domain signal is first preprocessed and divided into overlap-
ping frames (framing). Each frame is windowed to reduce
spectral leakage. The spectrogram is then obtained by under-
going STFT:

S(t, f) =
∣∣∣ˆ ∞

−∞
x(τ)w(τ − t)e−j2π fτdτ

∣∣∣2 (7)

where x is the time domain signal, w is the window function.
The STFT spectrogram is then processed by a Mel fil-

ter bank, which is a collection of band-pass triangular filters
spaced on the Mel scale. Each filter emphasizes energy in
a specific frequency band while attenuating others, and the
filtered energy is aggregated to produce the Mel spectrogram:

M(t,m) =
ˆ ∞

0
S(t, f)Hm ( f)df (8)

where Hm( f) denotes the frequency response of the mth Mel
filter.

Compared to the original STFT spectrogram, the Mel spec-
trogram compresses the frequency dimension by reducing the
number of frequency bins, thereby lowering data dimension-
ality and enhancing computational efficiency. More import-
antly, it emphasizes frequency features in the low-frequency
range. And suppresses high-frequency noise, which enhances
its performance in signal classification and condition monit-
oring tasks. An example of the advantages of the Mel spec-
trogram is shown in figure 8. When the signal is limited to
the low-frequency range, a large part of the STFT spectrogram
consists of noise. Whereas in the Mel spectrogram, defect fea-
tures are expanded, and the high-frequency part without useful
information is compressed.
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Figure 7. Architecture of ViT-B/16 model.

Figure 8. Comparison of STFT spectrogram and Mel spectrogram.
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Figure 9. Spectral analysis of different conditions.

Figure 10. Mel spectrogram under different (a) normal, (b) 25% reduction, (c) 75% reduction, (d) 100% shut-off gas flow settings; STFT
spectrogram under different (e) normal, (f) 25% reduction, (g) 75% reduction, (h) 100% shut-off gas flow settings.

4. Results and discussion

Spectral analysis is performed under each different condition,
and the results are shown in figure 9. It can be seen that apart
from the normal condition, differences between other condi-
tions mainly lie in 0–500 kHz, which is the low-frequency
range when considering a sampling rate of 3 MHz. Therefore,
the Mel scale is suitable for the classification task.

The librosa library is used to perform STFT on each seg-
mented waveform. A Hanning window is applied to reduce
spectral leakage, and the time–frequency representation is
obtained. Given the high sampling frequency, the number of
FFT points is set to 2048, with a hop length of 512. Based on

the STFT output, the Mel spectrogram is computed using 28
Mel filters. These filters perform a nonlinear mapping from
the linear frequency axis to the Mel scale axis. This trans-
formation increases frequency resolution in the low-frequency
range and suppresses noise in the high-frequency range, lead-
ing to a more compact spectral representation and improved
feature robustness. An example of the STFT spectrogram and
Mel spectrogram is shown in figure 10.

To assess the sensitivity of different time–frequency repres-
entations to process variations, normal-condition samples (i.e.,
gas flow reduction = 0) of STFT and Mel spectrograms were
respectively averaged to create a baseline. The KL divergence
was calculated between each spectrogram and its class-mean
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Figure 11. KL divergence of Mel and STFT spectrograms.

Figure 12. Inter-class distance matrix (a) Mel (b) STFT.

baseline by considering only the top 20% energy compon-
ents, thereby excluding low-energy regions that are highly sus-
ceptible to WAAM noise. This operation suppresses WAAM-
related noise and emphasizes systematic changes induced by
process degradation. The results in figure 11 show that the
KL divergence computed from the Mel spectrogram increases
monotonically and with a relatively stable progression as
the gas-flow reduces. In contrast, the STFT-based KL values
exhibit a non-monotonic and less regular pattern. This beha-
vior indicates that the Mel representation provides a more reli-
able characterization of the underlying energy distribution and
offers enhanced sensitivity to process-related changes.

4.1. Inter-class distance computation

After preprocessing, inter-class distances were evaluated for
Mel spectrograms and STFT spectrograms using a ResNet-
50–based feature encoder. A pretrained ResNet-50 was loaded

with its fully connected layer removed to retain only the fea-
ture extractor. All images were resized to 224 × 224, and a
512-dimensional feature vector was obtained for each sample.
Class centroids were then computed, and their pairwise
Euclidean distances formed the matrix shown in figure 12,
where class 0 to class 3 represent shielding gas flow from nor-
mal to 100% reduction. The results show that Mel-based fea-
tures yield larger inter-class separations—especially when the
shielding gas flow is abnormal—whereas STFT-based features
exhibit weaker separability.

4.2. CNN comparison

The CNN architectures for Mel spectrograms and STFT spec-
trograms share the same structure and functionality. For both
models, the batch size is 32, and the number of epochs is 25;
Adam is used as the optimizer with cross-entropy loss, and the
final classification head is a four-dimensional MLP. The only
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Figure 13. CNN confusion matrix (a) STFT (b) Mel.

Table 1. Classification results of CNN for STFT spectrogram.

Class Precision Recall F1-score

Class_0 1 1 1
Class_1 0.9438 0.9189 0.9312
Class_2 0.9273 0.9535 0.9402
Class_3 0.9773 0.9713 0.9743
Macro avg 0.9621 0.9609 0.9614
Weighted avg 0.9671 0.967 0.967

Accuracy 0.967

Run time (s) 521

Table 2. Classification results of CNN for Mel spectrogram.

Class Precision Recall F1-score

Class_0 1 0.9969 0.9984
Class_1 0.9182 0.9321 0.9251
Class_2 0.9631 0.9535 0.9583
Class_3 0.9509 0.9529 0.9519
Macro avg 0.9581 0.9588 0.9584
Weighted avg 0.9652 0.965 0.9651

Accuracy 0.965

Run time (s) 212

difference lies in the input tensor shape: the STFT network
receives a tensor with the shape of [32, 1025, 30], whereas the
Mel network receives a tensor with the shape of [28, 30, 32].
The classification results and confusion matrices are shown in
figure 13, tables 1, and 2. Accuracy and run time are bolded
in tables 1–4 to highlight the primary performance metrics.

Both models achieve high accuracy (up to 0.96). Of the
four classes, the STFT network has a relatively poor classi-
fication ability for class 1, and the Mel network has a relat-
ively poor classification ability for class 3. It must be noted
that Mel network trains significantly faster due to its lower
input dimensionality: the training time is 2 min 14 s for the
Mel model versus 7 min 49 s for the STFT model. In the pre-
processing phase, generating Mel spectrograms takes 1 min

Table 3. Classification results of VIT for STFT spectrogram.

Class Precision Recall F1-score

Class_0 0.97 0.94 0.95
Class_1 0.58 0.71 0.64
Class_2 0.78 0.46 0.58
Class_3 0.67 0.89 0.76
Macro avg 0.75 0.75 0.73
Weighted avg 0.79 0.77 0.76

Accuracy 0.77

18 s, whereas computing STFT takes 52 s. In terms of end-to-
end runtime, which includes preprocessing and training, the
Mel-spectrogram approach is markedly faster than the STFT
approach, while still providing an effective local feature rep-
resentation for WAAM fault diagnosis.

4.3. VIT comparison

This study employs the ViT-B/16 model from torchvision as
the visual encoder. Because the available WAAM dataset is
relatively small and insufficient for training a deepmodel from
scratch, pretrained weights are adopted to provide a better ini-
tialization and improve model convergence. Mel and STFT
spectrograms are resized to 224× 224 and fed into the model.
Training uses the Adam optimizer with cross-entropy loss, an
initial learning rate of 1× 10−3, and head dropout of 0.2. The
original classification head is replaced with a four-class head
for the present task. During the first stage, only this head is
trained while the remaining layers are frozen. The best check-
point is retained for subsequent use.

In the second stage, all layers are unfrozen and fine-tuned
with a learning rate of 2 × 10−5, which is subjected to a
scheduled decay. The two-stage procedure yields the classi-
fication results shown in tables 3 and 4. Classification accur-
acy with STFT inputs is markedly lower than with Mel inputs,
which is consistent with section 4.1, where Mel represent-
ations exhibited greater inter-class separability. The results
prove that theMel spectrogram provides more informative and
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Table 4. Classification results of VIT for Mel spectrogram.

Class Precision Recall F1-score

Class_0 1 1 1
Class_1 0.81 0.83 0.82
Class_2 0.87 0.88 0.87
Class_3 0.92 0.9 0.91
Macro avg 0.9 0.9 0.9
Weighted avg 0.92 0.92 0.92

Accuracy 0.92

Figure 14. VIT confusion matrix (a) STFT (b) Mel.

Figure 15. Overall comparison of Mel and STFT spectrogram.

discriminative global features for WAAM fault identification.
The run time for Mel and STFT representations is similar as
they are both resized to 224 × 224.

Overall, the ViT model exhibits degraded performance
compared to the CNN in this task; this is mainly due to the lim-
ited availability of WAAM data. The low number of training
samples restricts the model’s ability to fine-tune deep attention

layers effectively, causing most pretrained weights to remain
close to their original values from the torchvision initializa-
tion. As a result, the transformer fails to achieve full task-
specific adaptation, as shown in its final classification accur-
acy, which is only 0.92. The confusion matrix of the VIT
model is shown in figure 14. Overall results of CNN and VIT
for Mel and STFT spectrograms are shown in figure 15.
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5. Conclusions

This work presents a health monitoring framework forWAAM
based on Mel spectrogram representations. During data pre-
processing, average filtering andHilbert envelope peak search-
ing are employed to enhance feature characterization and
highlight AE events within the full-length recorded signals.
By constructing time–frequency representations, most of the
information generated during the WAAM process is cap-
tured, thereby minimizing information loss. Considering the
high-energy, high-frequency noise and the low signal-to-noise
ratio inherent in WAAM, the Mel spectrogram is adopted for
feature extraction due to its ability to provide finer resolu-
tion and better discriminability in the low-frequency range.
Experimental results indicate that the method greatly lowers
the number of network parameters and computational com-
plexity. It also increases the processing speed and separabil-
ity between features of various defect modes, leading to better
fault-classification accuracy and an increase in reliability for
AE monitoring.

Adaptive Mel filter design and time-frequency feature
fusion will be considered in future work to enhance perform-
ance. In addition, real-time implementation and transfer learn-
ing of various materials and working conditions in theWAAM
process will also be studied to improve the generalization and
industrial applicability of the proposed framework. Transfer
learning can also be applied to the model for the framework to
adapt to more challenging arc modes, such as spray transfer, in
future work. Pretraining can be performed on the current data-
set to learn general features of various defects, and fine-tuning
can help the framework adapt to noises induced by different
arc modes.
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