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Abstract

This paper proposes a metal defect detection method based on laser-induced audible sound
testing (LAST). Defective and defect-free martensitic stainless-steel cubes were used as
study samples, and the spectral characteristics of the acoustic signals generated under
laser irradiation were comparatively analyzed. Based on F-ratio analysis, weighting curves
characterizing the discrimination capability of each frequency band were calculated. Sub-
sequently, nonlinear filter banks were designed according to the spectrum discrimination
weights, tailored to the degree of spectrum discrimination. Finally, a globally weighted
cepstral coefficient (GWCC) extraction algorithm for laser-induced acoustic signals was
developed to determine whether defects are present in metals. Experimental results show
that the recognition rate of defective samples based on GWCC features reached 94%, higher
than that of traditional acoustic features, effectively enhancing feature discriminability.
The results of this study demonstrate that applying LAST to metal defect detection is
feasible. This method leverages laser-generated acoustic signals from a more comprehen-
sive and economical perspective, pioneering a new solution for non-destructive testing of
metal defects.

Keywords: metal defect detection; laser-induced audible sound testing (LAST); F-ratio
analysis; spectral discriminative weights; globally weighted cepstral coefficients (GWCC)

1. Introduction
Non-destructive testing (NDT) techniques are crucial for industrial quality control and

structural health monitoring. In recent years, demand has been increasing for rapid and
non-contact detection of defects in metallic components. Laser ultrasonics (LUT), as the
mainstream non-contact inspection method [1–3], excites ultrasonic waves (typically greater
than 1 MHz) using pulsed lasers and receives surface vibration signals with interferometers.
It has been successfully applied to defect detection in high-end equipment such as aerospace
and nuclear power systems [4–9]. LUT boasts advantages including high spatial resolution
(typically at the micrometer scale) and high sensitivity to internal defects [10]. However, it
also faces several limitations, such as high equipment cost, the need for precise calibration,
and sensitivity to surface conditions of the material [11].
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For defect detection in metallic materials, other technological approaches exist in
addition to LUT. Ultrasonic testing (UT) relies on the principle that acoustic waves are
reflected when encountering defects during propagation through a material. It utilizes
probes and coupling agents to identify defect types and sizes. To improve signal-to-noise
ratio, researchers have applied signal processing algorithms such as wavelet transform and
complementary ensemble empirical mode decomposition (CEEMD) [12]. Electromagnetic
acoustic testing (EMAT) excites and receives ultrasonic waves by electromagnetic coupling.
By eliminating the need for coupling agents, it offers greater suitability for rough-surface
inspection. Recent advances include the differential-mode coil and dual-conditioning circuit
proposed by Ma [13], and the optimization of an omnidirectional magnetic-concentrator-
type EMAT (OD-MC-EMAT) structure by Liu [14], both of which significantly enhance
resistance to lift-off effects and improve defect detection performance. Radiographic
testing (RT) employs the penetration and attenuation properties of X-rays or gamma rays
for imaging.

Signal processing and artificial intelligence methods are playing an increasingly im-
portant role in data analysis within the field of metal non-destructive testing. Methods
such as the non-local means denoising algorithm by Kim [15] and Butterworth high-pass
filtering by Wang [16] have improved image quality and defect recognition efficiency, and
several real-time inspection systems have been developed.

By integrating the Wavelet Packet Pooling Mechanism (WPPM) with a Spiking Neural
Network (SNN), the groundbreaking study by Wang et al. [17] provides a new paradigm
for compound defect detection. This bio-inspired model combines interpretability with
powerful time-frequency analysis, delivering exceptional robustness and accuracy in noisy
settings be-yond traditional methods and greatly promoting the practical use of AI in
industrial nondestructive testing. However, due to the complexity of on-site equipment
and testing conditions, as well as the diversity of workpiece materials and geometries,
the ability to generalize and adaptability remain the primary challenges facing various
algorithms today.

Although the aforementioned traditional inspection methods based on physical signals
such as ultrasound and X-rays have established a relatively mature non-destructive testing
system, their detection perspective remains primarily focused on the macroscopic structure
and internal geometric features of materials. In recent years, Laser-induced breakdown
spectroscopy (LIBS) employs ultrashort pulsed laser irradiation to generate plasma on
the sample surface, followed by analysis of the plasma emission spectrum to determine
the material composition and concentration. It notable that during the acquisition of
ultrasonic signals, a broadband response containing audible components is also recorded.
Notably, within the complex physical process of LIBS laser pulse-material interaction,
alongside the generation of optical and ultrasonic signals used for compositional analysis
and defect detection, there exists a long-overlooked “byproduct”—the audible acoustic
signal produced instantaneously during laser exposure. This signal serves as an “acoustic
snapshot” of the laser-material interaction, with its generation mechanism closely tied to
material properties and states. Therefore, within the analytical framework of AI-enabled
signal processing, treating the audible acoustic signal generated during the LIBS process
as a new analytical target and exploring its potential for material defect discrimination
represents a promising new avenue for investigation. To date, research on laser-induced
audible sound signals has been limited. Most conventional studies have regarded audible
sound generated by laser irradiation as noise and discarded it. A few studies, however,
have exploited it, such as for detecting package contents or monitoring process sounds to
determine the laser beam focal position [18,19]. Research in acoustic testing has shown that
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variations in the vibration characteristics of metallic materials under mechanical excitation
can be detected even within the audible frequency range.

This paper presents the first exploratory investigation of a metal defect detection
method based on laser-induced audible sound testing (LAST). Using a LIBS experimen-
tal platform, acoustic signals from defective and defect-free metal samples under laser
irradiation were acquired. Effective features were extracted from their spectral character-
istics and combined with machine-learning algorithms to establish a mapping between
acoustic features and the presence or absence of defects in the samples. Experimental
results demonstrate that this method achieves a defect detection accuracy of over 94%
for metal surfaces. The introduction of laser-induced audible sound technology into the
non-destructive testing of metallic materials not only expands the application scope of
laser excitation in structural defect identification but also provides a new research direc-
tion for enhancing the structural health monitoring and safety assessment capabilities of
in-service equipment.

The rest of this paper is organized as follows. Section 2 presents an analysis of the
spectral characteristics of acoustic signals from defective and defect-free samples. The
analysis confirmed that they have spectral discriminability, with the degree of discrimina-
tion varying across frequency bands. Section 3 details the design of a weighted filter bank
based on spectral discriminative weights and the extraction of globally weighted cepstral
coefficients (GWCCs). Section 4 presents and discusses the experimental results. Finally,
the prospects and future directions for this technology are discussed in Section 5.

2. Spectral Discrimination Analysis of Laser-Induced Audible Sound
To quantitatively assess the distinguishability between the acoustic response from

baseline defect-free metal blocks (ARB) and the acoustic response from defective metal
blocks (ARD), acoustic signals from both types of samples were collected using the LIBS
experimental platform. Their time-domain waveforms and spectrograms are shown in
Figure 1. From the time-domain waveforms, it can be seen that although the two types of
acoustic signals have overall similar trends, clear differences exist. The spectrograms also
reveal that although the overall frequency distributions are similar, differences appear in
frequency intensity and distribution details. These results provide a basis for distinguishing
defective from defect-free metal samples using acoustic signals.

To further analyze the discriminability of the two signal types, Figure 2a and b show
the amplitude spectra of a single ARB and ARD signal, respectively, and Figure 2c and
d present the superposition of 100 ARB and 100 ARD amplitude spectra. The amplitude
spectra within the same class have strong consistency. In contrast, subtle differences in
frequency distribution and intensity are present between classes.

To quantitatively evaluate the degree of spectral discrimination between the two types
of acoustic signals and provide a basis for targeted feature design, the F-ratio index was
employed. This index quantifies the ratio between interclass differences and intraclass dis-
persion in the spectral energy distribution. A larger F-ratio indicates stronger discriminative
power at the corresponding frequency point [20].

For the acquired acoustic signals, framing was first applied. For each frame of acoustic
signals x =

{
x1, x2, . . . , xL} (where L is frame length), the squared magnitude of the fast

Fourier transform (FFT) was computed to obtain the energy spectrum vector of the frame
in the frequency domain:

X = |FFT(x)|2 =
{

X1, X2, . . . . , XM
}

(1)
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where M is the number of points in the frequency domain, and Xk is the energy value at the

k-th frequency point. Let the set of sample vectors for ARB be
{

Xg
i

}Ng

i=1
, and that for ARD

be
{

Xr
j

}Nr

j=1
, with Ng and Nr, denoting the total number of samples for the two classes,

respectively. The mean energy spectrum vectors of ARB and ARD across all samples,
denoted as µg =

{
µ

g
1 , µ

g
2 , . . . , µ

g
M

}
and µr =

{
µr

1, µr
2, . . . , µr

M
}

, respectively, are calculated.
The F-ratio at the k-th frequency point k = (1, 2, . . . , M) is then defined as

Fratio(k) =
(µ

g
k − µr

k)
2

1
Ng

∑
Ng
i=1 (Xk

i − µ
g
k )

2
+

1
Nr

∑Nr
j=1 (Xk

j − µr
k)

2
∂ (2)

where (µ
g
k − µr

k)
2

measures the between-class difference (squared difference between

the means) of ARB and ARD at the k-th frequency point; 1
Ng

∑
Ng
i=1 (Xk

i − µ
g
k )

2
and

1
Nr

∑Nr
j=1 (Xk

j − µr
k)

2
measure the within-class variance (dispersion of samples around their

respective means) of ARB and ARD, respectively. A larger Fratio(k) value indicates stronger
discriminative ability of the k-th frequency point for distinguishing ARB from ARD.

 

Figure 1. Time-domain waveforms and spectra of ARB and ARD acoustic signals (length = 5.0 mm,
width = 0.2 mm, height = 5.0 mm (ARD 1); length = 5.0 mm, width = 0.6 mm, height = 1.2 mm
(ARD 2); length = 3.0 mm, width = 0.6 mm, height = 3.6 mm (ARD 3)).
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(a) (b) 

(c) (d) 

Figure 2. Comparison of amplitude spectra between ARB and ARD. (a) a single ARB amplitude
spectrum. (b) a single ARD amplitude spectrum. (c) 100 ARB amplitude spectra. (d) 100 ARD
amplitude spectra.

By calculating the Fratio(k) values of all M frequency points, the F-ratio curves can be
obtained, as shown in Figure 3.

 
Figure 3. F-ratio curves of ARB and ARD.

As shown in Figure 3, the F-ratio curves of ARB and ARD have obvious differences
across frequency bands. It is notable that, in certain sub-bands in the frequency range, the
F-ratio curves show strong consistency with relatively large F-ratio values, indicating that
these sub-bands contain rich discriminative information. Therefore, in the feature design
stage, it is necessary to emphasize sub-bands with strong discriminative ability, which can
enhance the degree of spectral discrimination between the two types of acoustic signals.
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3. GWCC Feature Extraction
3.1. Feature Extraction Scheme

This paper proposes GWCC, a cepstral coefficient feature weighted across the full
frequency band. The extraction procedure is illustrated in Figure 4.

 

Figure 4. GWCC feature extraction process.

First, the input acoustic signals are pre-emphasized. In essence, a high-pass filter
is applied to enhance the high-frequency components and compensate for the gradual
attenuation of energy in the high-frequency band. Its transfer function is expressed as
H(z) = 1 − αz−1, where α is the pre-emphasis coefficient, typically 0.9 < α < 1, to
ensure effective high-frequency enhancement. Next, framing is performed, in which the
continuous acoustic signal is divided into short-time stationary frames with a certain
overlap between adjacent frames to preserve temporal continuity. Each frame is windowed
prior to FFT to reduce spectral leakage caused by boundary effects. The windowed frames
are then transformed into the frequency domain using FFT, and the squared amplitude is
computed to obtain the short-time power spectrum.

The next and most critical step is the design of the filter bank. In the proposed method,
the entire frequency band is weighted according to the spectral discriminability between
ARB and ARD, achieving a finer-grained weighting distribution. This approach retains the
overall frequency resolution of the original spectrum while enhancing the discriminability
of acoustic signals, as described in Section 3.2. After passing through the filter bank, the

power spectrum undergoes logarithmic compression (L(k) = In(
∼
P(k))) and dimensionality

reduction using discrete cosine transform (DCT), ultimately yielding the GWCC features.

3.2. Design of Frequency-Band Weights

To construct frequency-domain discriminative weights for ARB and ARD, an upper-
envelope extraction method was developed on the basis of local peak characteristics of the
F-ratio curves. The procedure is as follows.

In the aforementioned part 2, we first uniformly trim all audio samples to the same
dimension. Subsequently, based on the amplitude spectrum energy of the entire dataset,
we statistically compute the F-ratio values for both defective and non-defective signals at
each frequency point. This yields an F-ratio curve reflecting the discrimination capability
across the entire dataset. The final weighting curve used for band allocation is generated
by applying envelope extraction and normalization to this uniformly computed F-ratio
curve. Based on this F-ratio curve F = [ f1, f2, . . . , fM] (where M denotes the number
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of frequency-domain points), the upper envelope is extracted using a sliding-window
maximum method:

ei = max
j∈[i−k,i+k]

( f j) ∀i ∈ {1, 2, . . . , M} (3)

where k is the window radius, and boundary points are processed using mirror padding.
By capturing the maximum discriminability values within local sub-bands, this operation
effectively suppresses random fluctuations while preserving the main trend of the curve.
The resulting envelope vector E = [e1,e2, . . . , eM] is then normalized to its maximum value:

wi =
ei

max(E)
(4)

The final weights W = [w1, w2, . . . , wM] are thus obtained, which directly reflect the
relative discriminability strength at each frequency point. Based on these weight curves, a
cumulative weighted energy function D( fk) = ∆ f ∑k

i=1 wi is constructed, where ∆f is the
frequency resolution. Using this function, the total energy Dtotal is equally divided into
N segments. The band boundaries of each filter are then determined using the inverse
mapping of the cumulative energy function:

f start/end
n = D−1(

(n − 1) · Dtotal
N

) n = 1, 2, . . . , N (5)

This method automatically yields a denser distribution of filters in high-weighted
frequency bands. The resulting weighting curves and the distribution of filter center
frequencies are shown in Figure 5.

Figure 5. Filter center-frequency distribution based on full-band weighting curves.

As shown in Figure 5, the center frequencies of the filter bank across the full band
are allocated according to the weighting curve and used to extract highly discriminative
regions between ARB and ARD. In higher-weight bands (e.g., portions of the mid- and
low-frequency ranges), the filter center frequencies are more densely distributed, making it
possible to capture more informative components. In contrast, in lower-weight bands, the
filter center frequencies are distributed more sparsely, indicating weaker contributions to
the overall features.

From the calculated center frequencies, the proposed method adopts triangular filters
following the filter bank design of Mel frequency cepstral coefficients (MFCC) [21–23]. Such
filters concentrate energy within the target band while ensuring smooth linear transitions
between adjacent bands, thereby avoiding inter-band spectral leakage due to aliasing. This
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design achieves a desirable balance between computational efficiency and frequency-band
discriminability. The corresponding response function is

Hn( f ) =



0 f < f (n)l
f− f (n)l

f (n)c − f (n)l

f (n)l ≤ f ≤ f (n)c

f (n)h − f

f (n)h − f (n)c
f (n)c < f ≤ f (n)h

0 f > f (n)h

(6)

where f (n)l = f (n−1)
c and f (n)h = f (n+1)

c .
The final distribution of the triangular filters, based on the center frequencies, is

illustrated in Figure 6.

Figure 6. Distribution of filter bank based on the full-band weighting curve.

As shown in Figure 6, the proposed globally weighted filter bank, by employing a
non-uniform triangular bandpass design, achieves dense focusing in frequency regions
with high discriminability. This adaptive sub-band partitioning mechanism effectively
strengthens the intrinsic feature extraction capability of defective acoustic responses, while
suppressing redundant information in low-weight bands. The nonlinear distribution
characteristics of the filter bank form a synergistic mapping with the acoustic modulation
behavior of metal defects, laying the foundation for frequency-domain optimizations of
GWCC feature extraction.

4. Experiment and Analysis
4.1. Experimental Setup
4.1.1. Laser–Acoustic Inspection System

The laser–acoustic inspection experimental system is shown in Figure 7. It was based
on a telescopic remote LIBS platform, which directs laser irradiation onto metal samples,
while the acoustic signals generated from the samples are acquired. Measurements should
be conducted in a quiet location; no special acoustic environment is required. The laser
source was a DAWA200 pulsed Nd:YAG laser with a wavelength of 1064 nm, a single-pulse
energy of 200 mJ, and a focused spot diameter smaller than 6 mm. The laser repetition
rate was set to 1 Hz. The system was equipped with an audio acquisition device to
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capture audible sounds, with a sampling rate of 44.1 kHz, 16-bit quantization, and dual-
channel recording. For each detection point, 10 repeated acquisitions were performed for
statistical analysis.

Metal 
sample

Microphone

computer

LIBS 
Laser 

Emission 
Device

Audio
Capture
Device

USB 
Control

USB 
Receiver

 10M  

Hearable sound

laser

 
(a) 

 
(b) 

Audio Capture

Laser Reflector

Focus Adjustment

Laser

Figure 7. Structure of the experimental system. (a) Schematic diagram of the experimental system.
(b) LIBS laser emission module.

In the experiment, four martensitic stainless-steel cubes with different defect severi-
ties (model X4CRNIMO16-5-1, supplied by Yizhi Mould Processing Factory, Suzhou City,
Jiangsu Province, China) were used as test samples, as shown in Figure 8. The martensitic
stainless-steel specimens used in this study were all sourced from actual operating con-
ditions within nuclear power plants (installed during one major overhaul and retrieved
during the subsequent one), ensuring their material state perfectly matches real-world
structures. We designed the shape of the defect to mimic the situation observed in catas-
trophic events at nuclear power plants. Blind-hole defects were fabricated on the surface of
the cubes using precision electrical discharge machining. The actual diameters of the holes
were measured with a white-light interferometer (measurement error < 2%). All samples
were ultrasonically cleaned with acetone to remove machining residues. According to
the length, width, and depth of the blind-hole defect region, the defective samples were
classified into three classes, with a total of 15 specimens. The numbering and dimensions
of the defective metal samples are listed in Table 1.
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Figure 8. Examples of martensitic stainless-steel cubes with blind-hole defects.

Table 1. Numbering and dimensions of defective metal samples.

No. Fixed Dimensions
of Defect Region (mm)

Variable Dimension
of Defect Region (mm)

1-1 to 1-5 Length = 5.0, Height = 5.0 Width: 0.2, 0.4, 0.5, 0.6, 1.0

2-1 to 2-5 Length = 5.0, Width = 0.6 Height: 1.2, 2.4, 3.6, 4.8, 6.0

3-1 to 3-5 Width = 0.6, Height = 3.6 Length: 3.0, 4.0, 5.0, 6.0, 7.0

4.1.2. Experimental Dataset

Support vector machine (SVM) was employed as the learning model for defect recog-
nition in the metal blocks. To this end, an acoustic signal feature dataset was constructed,
containing both ARB and ARD. The sampling rate and bit depth of all acoustic signals
were kept consistent, and the audio data were stored in WAV format to ensure uniform
parameters during feature extraction, aiming to avoid interference from format differences.
In the end, a dataset containing 200 ARB signals and 300 ARD signals was obtained from
multiple defect-free and defective samples.

In terms of data structure, the entire dataset was split into training and testing sets at a
4:1 ratio. Specifically, the training set contained 160 ARB and 240 ARD signals, and the test
set contained 40 ARB and 60 ARD signals, randomly selected. This split ensured the suffi-
ciency of training samples while providing a sound basis for evaluating the generalization
capability of the model.

4.2. Experimental Results and Analysis
4.2.1. Feature Visualization Analysis

To verify the advantages of the proposed GWCC in distinguishing between the two
types of acoustic signals (ARB and ARD), the GWCC features were compared with five
commonly used acoustic features: linear frequency cepstral coefficients (LFCC), MFCC,
inverted MFCC (IMFCC), spectral centroid frequency coefficients (SCFC), and all-pole
group delay function (APGDF). LFCC are derived from a linearly scaled filter bank, offering
finer resolution in higher frequencies; MFCC mimic the human auditory perception by
applying a mel-scale filter bank, emphasizing lower frequencies; IMFCC invert the mel-
scale filter bank to enhance higher frequency contributions; SCFC capture the spectral
centroid, reflecting the center of mass of the spectrum and related to brightness of the
sound; APGDF, based on an all-pole model, extracts phase-related information from the
group delay spectrum, beneficial in capturing resonant structures.

By evaluating these representative characteristics, GWCC’s unique capability in spec-
trum discrimination is demonstrated.

Figure 9 presents visualizations of the six types of features for ARB and ARD, shown
as two-dimensional distributions in the time domain and coefficient dimension. In this
way, the time–frequency patterns captured by different features can be observed more
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intuitively, making it possible to directly compare the feature representations between ARB
and ARD.

Figure 9. Visualization of different features in ARB and ARD signals.

As shown in Figure 9, the feature visualizations of ARB and ARD differed across
feature types. The difference was especially prominent in the GWCC features: ARB had
a relatively smooth overall structure with more uniform feature distribution, whereas
ARD showed more dynamic variations along the time axis. Comparing Figure 9 with
Figure 1 shows that the degree of spectral discrimination between ARB and ARD was
significantly enhanced after feature extraction. This result confirms the effectiveness of
designing features from the perspective of spectral discriminability.

4.2.2. Feature Performance Comparison

To evaluate the classification performance and stability of different acoustic features,
SVM classifiers were applied with systematic five-fold cross-validation experiments on
the dataset. The experiment was conducted on an NVIDIA GeForce RTX 4060 graphics
card, measuring a feature extraction time of approximately 50 milliseconds per sample.
The model achieved a single classification latency below 5 milliseconds, demonstrating
excellent computational efficiency. The dataset was randomly partitioned into five equally
sized subsets. In each iteration, four subsets were used as the training set to optimize the
SVM parameters (penalty coefficient C and radial basis function kernel parameter γ), and
the remaining subset was used for testing. After five iterations, the average of the test
results was taken as the final performance metric. This approach effectively reduced the
dependence of model evaluation on a specific data split and improved the reliability of
the results. Table 2 summarizes the optimal SVM parameter settings, the corresponding
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average recognition rates, and their standard deviations obtained for each feature through
five-fold cross-validation.

Table 2. Average recognition rate and standard deviation of classification based on each feature
(five-fold cross-validation).

Feature Mean Recognition Rate ±Standard Deviation

LFCC 0.832 ±0.035

MFCC 0.855 ±0.043

IMFCC 0.783 ±0.035

SCFC 0.613 ±0.044

APGDF 0.624 ±0.044

GWCC 0.940 ±0.029

In the five-fold cross-validation experiments with the SVM model, obvious perfor-
mance differences were observed across features under their respective optimal parameter
configurations. Features among LFCC (optimal parameters:{C:10, γ:1}), MFCC ({C:100,
γ:0.1}), IMFCC ({C:1, γ:0.1}), SCFC ({C:1, γ:0.1}), APGDF ({C:100, γ:1}), and GWCC had
markedly different recognition rates within the same framework, indicating that the choice
of feature extraction method plays a key role in acoustic signal classification. The conven-
tional LFCC and MFCC features performed robustly, achieving mean recognition rates of
83.2% and 85.5%, respectively. By contrast, IMFCC, SCFC, and APGDF performed relatively
poorly, all with mean recognition rates below 80%. It is notable that the GWCC features
proposed in this study achieved peak performance with parameter settings {C:100, γ:0.1},
yielding a mean recognition rate as high as 94.0%. This result significantly surpassed the
performance of all other features. Moreover, the small standard deviation associated with
GWCC indicates that it has exceptional stability throughout the five-fold cross-validation
process, and the least sensitivity to the randomness of data partitioning. These results
provide strong evidence that GWCC features offer a substantial advantage in distinguishing
between ARB and ARD.

To fully assess the performance and classification effectiveness of different acoustic fea-
ture extraction methods, five key evaluation metrics were additionally calculated: accuracy,
recall, precision, F1 score, and the area under the receiver operating characteristic curve
(AUC). The results shown in Figure 10 represent the averaged outcomes on the five-fold
cross-validation test sets, providing a clear visualization of the scores for the six features
across these five metrics.

The results show that GWCC significantly outperformed the other features (e.g.,
MFCC, LFCC, IMFCC) across all five evaluation metrics, fully demonstrating its superior
performance in the ARB–ARD classification task. Specifically, the high AUC value of
GWCC was particularly noteworthy, indicating that the feature not only achieves excellent
overall classification accuracy but also has strong discriminability and robustness in distin-
guishing ARB from ARD. By comparison, MFCC and LFCC showed similar performance
and generally outperformed IMFCC across most metrics, but both remained far inferior
to GWCC.

To further investigate the statistical significance of performance differences among the
various acoustic features, paired-sample t-tests were conducted on the basis of the optimal
model configurations obtained for the training set (as listed in Table 2). The tests focused on
the higher-performing features (GWCC, MFCC, LFCC, IMFCC) and were performed on the
recognition rates obtained from each fold of the five-fold cross-validation. The significance
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level was set at 0.05. Figure 11 illustrates the box plots of recognition rates along with the
t-test results for all six features: GWCC, MFCC, LFCC, IMFCC, SCFC, and APGDF.

 

Figure 10. Average scores for classification based on each feature (five-fold cross-validation).

Figure 11. Feature box plots and t-test results (significant differences: * p < 0.05, ** p < 0.01,
*** p < 0.001).

The box plots shown in Figure 11 clearly revealed the distribution of recognition rates
for each feature. GWCC not only achieved the highest median and mean values but also had
the narrowest interquartile range. This result means GWCC delivered stable performance
across folds. In contrast, MFCC showed larger fluctuations in recognition rate, and LFCC
was relatively stable but still inferior overall to GWCC. Moreover, GWCC was significantly
different from all other features, with recognition rates consistently superior (p < 0.05).
This result strongly indicates that the highest average recognition rate achieved by GWCC
(listed in Table 2) was not coincidental but reflected a statistically significant advantage.
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These findings further highlight the value of performing spectral discriminability analysis
during feature design and, on this basis, constructing targeted weighted filter banks.

5. Conclusions and Future Work
This paper proposes a method for constructing a globally weighted filter bank based

on spectrum discriminability optimization. Through comparative analysis of ARB and
ARD, the F-ratio validates its significant spectral discriminative power, providing a theoret-
ical basis for feature extraction. Building upon this, a spectral discriminability weighting
curve is designed based on the F-ratio distribution. This enables the construction of a non-
uniform filter bank that emphasizes high-discriminability subbands, thereby generating
GWCC features with enhanced discriminative capability. Experimental results demonstrate
that this feature significantly outperforms traditional acoustic features in metal defect
classification, with statistically significant performance improvements. This method inno-
vatively employs laser-induced audible acoustic signals for defect identification, offering
a novel non-contact solution for industrial non-destructive testing. However, this study
is constrained by the limited number of martensitic stainless-steel samples collected from
actual nuclear power plant environments, as well as the insufficient diversity in defect types
and material morphologies. This has somewhat impacted the method’s generalizability.
Future work will build upon this feasibility study to further investigate the applicability
and generalization capability of laser-induced audible sound across a broader range of
materials and defect conditions, advancing its implementation in real-world industrial
non-destructive testing scenarios. This will lay a solid foundation for future multi-modal
material analysis and defect detection utilizing optical signals, ultrasonic signals, and
audible sound signals derived from LIBS sensing.
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LAST Laser-Induced Audible Sound Testing
GWCC Globally Weighted Cepstral Coefficients
LUT Laser Ultrasonics
NDT Non-Destructive Testing
UT Ultrasonic Testing
CEEMD Complementary Ensemble Empirical Mode Decomposition
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EMAT Electromagnetic Acoustic Testing
RT Radiographic Testing
LIBS Laser-Induced Breakdown Spectroscopy
ARD Acoustic Response From Baseline Defective Metal Blocks
ARB Acoustic Response From Baseline Defect-free Metal Blocks
SVM Support Vector Machine
MFCC Mel Frequency Cepstral Coefficients
LFCC Linear Frequency Cepstral Coefficients
IMFCC Inverted MFCC
SCFC Spectral Centroid Frequency Coefficients
APGDF All-Pole Group Delay Function
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