
Assessing AI Dependability in Acoustic NDT: Deep Learning
Robustness for Gold Purity Verification under Industrial Noise

Mehmet Osman Devrim1 and Serdar Kirisoglu2

1Department of Information Technologies, Duzce University, Duzce, Turkiye
2Department of Computer Engineering, Faculty of Engineering, Duzce University, Duzce, Turkiye

(Received 09 April 2026; Revised 24 June 2026; Accepted 19 July 2026; Published online 14 August 2026)

Abstract: Acoustic resonance testing (ART) is a widely utilized nondestructive evaluation method for material characterization.
However, its measurement reliability significantly degrades under harsh industrial noise, creating undefined operational risks.
This study presents a systematic framework to quantify the robustness of deep learning-based acoustic sensing systems against
environmental interference. A controlled synthetic noise injection protocol is employed, using white and pink (1/f)) noise as
standardized proxies for broadband and low-frequency-dominant industrial interference. This protocol enables systematic
analysis of measurement performance degradation across varying signal-to-noise ratios (SNRs) under simulated industrial
acoustic conditions. The results define the operational boundaries for reliable measurement, identifying a critical SNR threshold
of 20 dB where measurement uncertainty significantly increases. Furthermore, we demonstrate that spectral masking and the
“Artificial Damping Effect” are the primary physical drivers of measurement error in noisy environments. Although the
methodology is demonstrated on gold alloy benchmarks, the proposed reliability envelope and noise compensation approach are
applicable to the acoustic evaluation of various homogeneous materials. These findings establish a quantitative robustness
envelope and provide a reproducible benchmark for industrial deployment. Further validation under directly recorded field
conditions is required before practical implementation.

Keywords: acoustic resonance testing; decision support systems; deep learning; expert systems; measurement uncertainty; signal
robustness

I. INTRODUCTION
A. THE NEED FOR RELIABLE GOLD PURITY
VERIFICATION

The precise verification of gold purity is essential in both industrial
quality assurance and financial security contexts, where even minor
compositional deviations can result in significant economic impact.
Conventional destructive testing methods such as chemical assays
or mechanical hardness tests often compromise sample integrity
and are unsuitable for continuous production environments. NDT,
particularly acoustic resonance-based approaches, provides a
robust, contactless alternative grounded in the physics of elastic
wave propagation [1–3]. According to the impulse excitation
standards (ASTM E1876 and ASTM E2001), the mechanical
resonance spectrum of a solid object reveals intrinsic material
properties such as Young’s modulus and internal damping [1,2].
These acoustic resonance signatures, when properly excited and
measured, are sensitive to density, elasticity, and internal structure
[4–6]. Foundational works in acoustics and vibration analysis
demonstrate that changes in purity or microstructure alter the
natural frequencies and decay characteristics of the material’s
resonant modes [5–7]. Thus, acoustic methods have emerged as
powerful diagnostic tools for metallic characterization, enabling

the differentiation of high-purity and alloyed gold specimens
through their vibrational response.

B. FROM MANUAL TO DEEP LEARNING
APPROACHES

Traditional spectral and statistical models, though interpretable
[15, 16], struggle with nonlinear dependencies inherent in acoustic
resonance data. The transition toward data-driven learning has been
catalyzed by the broader resurgence of deep learning [18], partic-
ularly through convolutional neural networks (CNNs) validated on
large-scale image recognition tasks [19], and residual architectures
(ResNets) [8–10]. The seminal ResNet framework [8] enabled
deeper representations of hierarchical features by mitigating gra-
dient vanishing problems that previously limited acoustic feature
extraction depth. Optimizers such as Adam [9] and architectures
tuned for large-scale audio classification [10–12] have further
advanced automated acoustic interpretation.

In this study, ResNet-18 is selected as a representative and
stable deep learning baseline owing to its proven balance between
expressive capacity and computational tractability. The architec-
ture has been extensively validated in both audio and image
domains, offering a controlled experimental benchmark for asses-
sing robustness. Architectural optimization or lightweight deploy-
ment (e.g., pruning or quantization) is deliberately excluded from
the present scope to maintain comparability and interpretive clarity.

In audio analysis, spectrogram-based CNNs have demonstrated
exceptional performance for tasks ranging from environmental
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sound recognition to music signal processing [11–14]. The use of
time-frequency representations, such as the short-time Fourier trans-
form and Mel spectrograms, offers a compact and perceptually
relevant domain for machine learning models [20–24]. These ad-
vancements collectively redefine acoustic NDT, transformingmanual
frequency inspection into automated, data-driven classification capa-
ble of resolving subtle spectral cues related to purity and structure.

C. LABORATORY SUCCESS vs. INDUSTRIAL
ROBUSTNESS

Despite high accuracies reported in controlled laboratory settings,
most existing studies — including our previous feasibility work on
gold purity classification [27] — remain untested under real-world
industrial noise conditions. Works on acoustic material or coin
classification have demonstrated the discriminative capacity of
resonance-based signatures [25,26], yet these experiments are typi-
cally conducted in quiet environments with high signal-to-noise
ratios (SNRs).

From a physical standpoint, this limitation is nontrivial. The
acoustic response of metallic specimens is governed by their internal
damping characteristics, which determine the decay rate or resonance
tail of vibrational modes [1,2]. High-purity gold (24k) exhibits
exceptionally low internal damping, leading to prolonged, low-
amplitude resonance tails. Conversely, lower-purity alloys such as
14k gold, containing copper and silver, display increased internal
friction and thus faster decay. The discrimination between these purity
levels occurs primarily within the early post-impact decay window,
where the resonance amplitude and phase contain material-specific
damping information. Beyond this temporal region, the residual
signal energy falls below the effective noise floor, and subsequent
segments become dominated by environmental and electronic noise.

Under industrial conditions, broadband noise overlaps with and
masks these weak tail regions in the signal spectrum. When such
low-amplitude damping cues are buried beneath background noise,
it becomes physically impossible to distinguish between the reso-
nance signatures of 24k and 14k gold, even for advanced measure-
ment systems. In this study, the term “industrial noise” refers broadly
to adverse acoustic conditions such as broadband mechanical,
ambient, or electrical interference rather than to any specific factory
soundscape. This acoustic masking effect defines a practical limit to
signal interpretability, one that has not yet been systematically
quantified in prior deep learning-based NDT research.

In this context, while real-world industrial environments
contain complex acoustic mixtures such as machinery hum, con-
veyor belt friction, and ventilation drone, white and pink noise
serve as standardized proxies for “broadband” and “low-frequency-
dominant” interference, respectively. Rather than attempting to
replicate a specific industrial facility with variable acoustic prop-
erties, this study establishes a reproducible stress-testing frame-
work. This controlled approach allows for defining the precise
physical robustness limits of deep learning models, isolating the
effects of spectral masking from other environmental variables.

D. CONTRIBUTIONS OF THE STUDY

The main contributions of this study are summarized as follows:

• Controlled quantification of measurement degradation: A
systematic framework is proposed in which white and pink
(1/f) noise [20] are superimposed on measured resonance
signals to evaluate the sensitivity of deep learning models
across a continuous SNR range. This approach serves as a

reproducible stress test rather than an attempt to mimic specific
industrial environments. Moreover, the implications of classi-
fication failure extend beyond technical accuracy to financial
risk. In the precious metals trade, misclassifying high-purity
assets (e.g., 24k bullion) as lower-purity alloys due to envi-
ronmental noise can lead to significant valuation discrepancies
and loss of consumer trust. Therefore, establishing the acoustic
operational boundaries of these systems is a prerequisite for
their commercial adoption.

• Data integrity assurance: A Group-Aware Partitioning strat-
egy is implemented to prevent data leakage, ensuring that
recordings from the same physical specimen do not appear in
both training and testing sets. This enforces strict sample
independence and supports reliable generalization analysis.

• Quantitative robustness envelope: Based on controlled deg-
radation experiments, a 20-dB operational threshold is identi-
fied as the lower boundary for reliable measurement, marking
the onset of resonance-tail masking and subsequent loss of
measurement fidelity.

• Model scope and relevance: ResNet-18 is adopted as a stable
baseline to establish a physics-informed benchmark of robust-
ness. Broader architectural optimization or lightweight deploy-
ment considerations are reserved for future investigation.

To the best of our knowledge, this study represents one of the
first systematic assessments of deep learning-based acoustic NDT
robustness, bridging the gap between idealized laboratory classifi-
cation and realistic industrial noise conditions.

Unlike traditional classification studies, the novelty of this
work lies in experimentally quantifying the physical signal degra-
dation mechanisms (specifically the “Artificial Damping Effect”)
caused by industrial noise and establishing a quantitative SNR
threshold (≈ 20 dB) to ensure the operational reliability of AI-
assisted NDT instrumentation.

The remainder of this paper is organized as follows. Section II
reviews the related literature on acoustic NDT, deep learning, and
industrial robustness. Section III describes the measurement system
and experimental methodology, including the dataset, model archi-
tecture, and noise injection protocol. Section IV presents the
experimental results and discussion. Section V concludes the paper
and outlines directions for future work.

II. RELATED STUDIES
Historically, acoustic resonance testing (ART) was governed by
linear vibration theories and standard guidelines such as ASTM
E2001 [1], which defined resonance frequencies as key indicators of
material integrity. Early computational approaches in this domain
predominantly utilized hand-crafted features such as spectral cen-
troids andMel-frequency cepstral coefficients (MFCCs) coupled with
shallow measurement systems like support vector machines or
k-nearest neighbors [2,3]. While these methods established the
feasibility of acoustic material characterization, they often necessi-
tated noise-free environments and expert-defined feature extraction
pipelines that may lack resilience against complex industrial
interference.

A. ACOUSTIC NDT AND MATERIAL
CLASSIFICATION

Acoustic-based nondestructive evaluation has long been utilized for
material characterization, exploiting the sensitivity of vibrational
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signatures to structural and compositional differences [1–4]. Earlier
studies explored acoustic pattern recognition for material and coin
classification [25], while foundational works in informatics estab-
lished the shift toward hierarchical feature learning and deep archi-
tectures for complex audio signals [26]. Our prior study on gold
purity determination using audio features and machine learning
algorithms [27] achieved over 95% measurement accuracy under
controlled conditions, validating the feasibility of acoustic-based
metal discrimination. However, all these approaches assumed noise-
free environments, leaving unresolved questions about robustness
under realistic acoustic interference.

B. DEEP LEARNING IN ACOUSTIC ANALYSIS

Recent advances in deep learning have transformed the way acoustic
data are modeled and interpreted. CNN architectures [10] and data
augmentation strategies [11] have enhanced generalization for envi-
ronmental and mechanical sounds, while large-scale frameworks
such as AudioSet and ESC-50 datasets [12,13] have benchmarked
feature representations in noisy conditions. Feature engineering
using spectrogram transformations, MFCCs, and psychoacoustic
representations [20–22] has proven effective for extracting salient
temporal and spectral cues. The combination of residual learning [8],
Adam optimization [9], and advanced architectures has enabled
robust feature extraction from complex acoustic patterns. Collec-
tively, these developments provide the computational foundation for
the deep learning framework adopted in this study.

C. INDUSTRIAL ROBUSTNESS AND FAULT
DIAGNOSIS CONTEXT

Within the broader industrial domain, the robustness of deep
learning models under noise is an active research frontier. Deep
learning has been applied to acoustic fault diagnosis of rotating
machinery, bearings, andmotors, where fluctuating operational and
noise conditions challenge model stability [28–31]. Zhao et al. [28]
provided a comprehensive review of deep learning applications in
machine health monitoring, emphasizing the effectiveness of Re-
sNet architectures in processing vibro-acoustic data for fault
detection. Similarly, Chen et al. [32] enhanced noise robustness
in seal fault detection via a ResNet architecture augmented with
data-level sample expansion. Uzel et al. [33] demonstrated Mel-
spectrogram-based CNNs resilient to low SNR scenarios in electric
motor diagnosis, while Kumar et al. [34] integrated CNN–LSTM
hybrids for denoising partial discharge signals. Collectively, these
studies show that deep architectures can sustain performance when
explicitly optimized for robustness.

In the field of rail and conveyor diagnostics, CNN and ResNet
models have been applied successfully to acoustic emission and
vibration data [34,37,38], including transfer learning for structural
monitoring [35]. Other works have extended robustness frame-
works to powder metallurgy inspection [36], laser-directed additive
manufacturing [43], and wind turbine health monitoring [39].

Reviews across NDT and machine learning domains reinforce
this shift toward resilience and reliability under environmental
variability [40–44]. For example, Wu et al. [41] and Scarselli &
Nicassio [42] emphasize the necessity of feature redundancy and
noise-tolerant training to preserve diagnostic integrity.

This study aligns with these industrial trends by applying
established robustness evaluation principles to acoustic purity
classification, a niche yet technically relevant domain where
minute spectral variations distinguish material quality. By integrat-
ing controlled synthetic noise testing with resonance-tail analysis,
it provides, to the best of our knowledge, one of the first systematic
assessments of deep learning robustness for ART of gold under
industrial noise conditions.

III. MEASUREMENT SYSTEM AND
EXPERIMENTAL METHODOLOGY

This section outlines the methodological framework established to
evaluate the robustness of deep learning models in acoustic purity
verification. First, the properties of the gold alloy dataset and the
acoustic feature extraction pipeline are described. Second, the
ResNet-18 architecture adapted for spectral analysis is detailed.
Finally, the rigorous experimental protocols are presented, specifi-
cally focusing on the group-aware data partitioning strategy to
prevent leakage and the controlled noise injection mechanism
designed to simulate adverse industrial environments.

A. DATASET DESCRIPTION

The acoustic dataset consists of impact-response recordings ob-
tained from gold samples belonging to three distinct purity classes
(14k, 22k, and 24k). This raw dataset was originally constructed
and validated in our previous study [27], which established the
baseline feasibility of acoustic purity classification under ideal
conditions. In the present work, we extend this dataset by sub-
jecting it to controlled noise stress tests.

Table I summarizes the metallurgical composition and sample
distribution of the dataset utilized in this study. The dataset en-
compasses three distinct purity classes (14k, 22k, and 24k), selected
specifically for their divergent acoustic damping characteristics. To
prevent bias arising from class imbalance during model training, an
equal number of clean impact recordings (400 samples per class)
were utilized, resulting in a balanced dataset of 1200 samples.

B. DATA PREPROCESSING AND FEATURE
EXTRACTION

Raw audio signals were sampled at 44.1 kHz. To capture the time-
frequency characteristics of the resonance decay, log-Mel spectro-
grams were utilized as the primary input representation. The audio
signals were framed using a Hamming windowwith a hop length of
512 samples and converted into 128 Mel-frequency bands. This

Table I. Description of the gold purity dataset, including metallurgical composition and sample distribution

Purity class Gold content (%) Description (physical property) Sample count (clean)

14k 58.5% High-impurity alloy, high internal damping 400

22k 91.6% Standard investment grade, moderate damping 400

24k 99.9% Pure metal, low damping, long resonance tail 400

Total - Balanced dataset 1200
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process yields a two-dimensional tensor representation where the
vertical axis corresponds to frequency bands and the horizontal axis
represents temporal frames.

C. MODEL ARCHITECTURE (ResNet-18)

A ResNet-18 CNN was employed as the backbone classifier.
Unlike standard implementations expecting 3-channel RGB
images, the first convolutional layer was modified to accept
mono-channel spectral inputs. Specifically, the network accepts a
tensor of shape (1 × 128 × T), where 128 denotes the Mel bands
and T represents the time steps. The backbone consists of four
residual blocks with skip connections, allowing efficient gradient
flow and the learning of deep hierarchical features. Finally, the
network terminates in a fully connected layer with a Softmax
activation, producing a probability output vector y ∈ R3. Each
element of this vector corresponds to the predicted probability for
the 14k, 22k, and 24k classes, respectively. In this study, the
ResNet-18 architecture was specifically selected for the classifica-
tion of log-Mel spectrograms derived from acoustic impact-
response signals. The choice of ResNet-18 is driven by the optimal
balance it offers between model complexity and the available
dataset size. While deeper architectures such as ResNet-50 or
ResNet-101 offer higher theoretical capacity, their significantly
larger parameter counts increase the risk of overfitting when
training on limited acoustic datasets [17]. Furthermore, the residual
connections in ResNet-18 effectively minimize the vanishing gradi-
ent problem, ensuring training stability [8]. Crucially, ResNet-18
possesses sufficient depth to capture complex time-frequency pat-
terns in spectrogramswhile maintaining a lightweight computational
footprint, making it suitable for potential integration into handheld
industrial NDT devices.

The overall workflow of the proposed robustness analysis
framework is illustrated in Fig. 1. As depicted, the system takes raw
impact-response signals as input and converts them into log-Mel
spectrograms. A critical component of this architecture is the
“Noise Injection Module,” which acts as a stress-test layer, super-
imposing controlled white and pink noise profiles onto the feature
representations before they are fed into the ResNet-18 classifier.
This design allows for the direct evaluation of feature resilience
against varying degrees of acoustic interference.

D. GROUP-AWARE DATA PARTITIONING
STRATEGY

To ensure methodological rigor and prevent data leakage, a Group-
Aware Stratified Split strategy was applied. Recordings originating
from the same physical object were confined strictly to either the
training or the test set. This ensures that the model learns to

generalize based on material properties rather than memorizing
the unique acoustic fingerprints of specific samples.

E. CONTROLLED NOISE INJECTION PROTOCOL

To simulate industrial environments, a systematic noise stress test is
designed. Two specific noise profiles are selected to simulate distinct
real-world interference scenarios encountered in gold workshops.
First, white noise is utilized to represent the broadband thermal noise
inherent in electronic microphone sensors and high-frequency hiss
often present in digital recording chains [6]. Second, pink noise (1/f))
is employed to simulate the ambient acoustic environment of a
workshop, which is typically dominated by low-frequency mechan-
ical rumble from ventilation systems, heavy machinery, and distant
traffic [6,20]. While real-world environments may contain complex
reverberations, these standardized noise types provide a reproducible
proxy for establishing the baseline robustness of the classifier against
wideband and spectral-decay interference.

The noise injection is implemented as an additive process in the
time domain. Specifically, for each clean audio sample x(t), α noise
segment n(t) of equal length was randomly cropped from the noise
source and linearly superimposed to produce the degraded signal y(t):

yðtÞ = xðtÞ þ α · nðtÞ (1)

where α is a real-valued scaling factor that controls the relative energy
contribution of the noise component. The additive formulation in
Eq. (1) reflects the physical superposition of acoustic waves and
ensures that the noise is introduced without altering the temporal
structure of the original resonance signal.

The scaling factor α is not fixed but is dynamically computed
for each individual audio sample to precisely satisfy the target SNR
condition. This per-sample calibration is necessary because differ-
ent recordings may have different RMS energy levels, and a single
fixed α would result in inconsistent actual SNR values across the
dataset. Formally, α is derived from the ratio of the root-mean-
square (RMS) power of the clean signal (Pfsignalg) to that of the
noise segment (Pfnoiseg):

α =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Psignal�

Pnoise · 10
SNR
10

�
vuuut (2)

Here, the term 10^(−SNR/10) converts the target SNR from the
logarithmic decibel scale to a linear power ratio, and the square root
accounts for the conversion from power to amplitude. Together,
Equations (1) and (2) ensure that the injected noise is physically
calibrated to the exact interference level intended, enabling a con-
trolled and reproducible degradation spectrum from 30 dB down to
0 dB SNR.

Fig. 1. Block diagram of the proposed robust acoustic classification framework. Raw impact-response signals are first converted into log-Mel
spectrograms and then subjected to the Noise InjectionModule— a controlled stress-test layer that superimposes white and pink noise at target SNR levels
before classification by the ResNet-18 model. This pipeline enables systematic quantification of feature resilience under simulated industrial interference.
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To visualize the physical mechanism behind classification
failures, Fig. 2 provides a comparative spectral analysis. As observed
in Panel (a), the high-purity (24k) gold sample exhibits distinct
harmonic ridges and a prolonged resonance decay tail under clean
conditions. However, as shown in Panel (b), the introduction of noise
at 10 dB SNR creates a broadband energy floor that effectively
masks these low-amplitude decay features. This “spectral masking”
phenomenon confirms that the drop inmodel accuracy is not due to a
lack of learning capacity, but rather the physical obliteration of the
discriminative acoustic signatures required for purity verification.

IV. EXPERIMENTAL RESULTS
This section presents a quantitative evaluation of the proposed
ResNet-18 framework under both ideal and adverse acoustic con-
ditions. First, the baseline performance is established using the clean
test set to verify the feasibility of the feature extraction pipeline.
Subsequently, the system’s robustness is challenged through the
controlled injection of white and pink noise across a degradation
spectrum from30 dB down to 0 dB. The results are analyzed in terms
of overall measurement accuracy, Macro-F1 scores, and class-
specific failure modes, with a particular focus on identifying the
operational boundaries for reliable industrial deployment.

Table II quantitatively demonstrates the performance degra-
dation of the ResNet-18 model as a function of the SNR. The model
maintains stability at 30 dB SNR (mild noise), achieving over 95%
accuracy for both noise types. However, a sharp performance
collapse is observed when the SNR drops below 20 dB. Specifi-
cally, at 10 dB and below, accuracy rates approach chance level,
proving that 20 dB SNR is a safe operating threshold for the system
to function reliably with raw spectrogram data.

Table III summarizes the performance gap between the “quiet
environment” and the “industrial environment.” The drop from a
flawless score of 1.0000 on clean data to 0.6023 when noisy scenarios
are included demonstrates how sensitive the features learned by the
deep learning model are to noise. This decline suggests that the model
focuses not only on the “fundamental frequency” but also on “fine
spectral tails,” which are easily affected by noise.

Table IV reveals “Class-wise Asymmetry,” one of the most
critical findings of the study. Under noisy conditions, the model
correctly identifies 14k gold at a rate of 82% (recall), while this rate
drops to around 49% for 24k and 22k gold. This indicates that the
error is not randomly distributed; instead, the model exhibits a
systematic bias towards predicting “lower purity” (14k) in moments
of uncertainty.

The curves in Fig. 3 illustrate that the degradation due to
noise is nonlinear. The most prominent feature in the graph is the

Fig. 2. Log-Mel spectrogram comparison of a 24k gold impact-response signal under (a) clean laboratory conditions and (b) simulated industrial noise at
10 dB SNR. In panel (a), distinct harmonic ridges and a prolonged low-amplitude resonance decay tail— characteristic of high-purity gold’s low internal
damping — are clearly visible. In panel (b), broadband noise energy raises the spectral floor, effectively obliterating these fine decay features. This
“spectral masking” is the primary physical mechanism responsible for classification failures at low SNR levels.

Table II. Accuracy (%) vs. SNR

SNR White (%) Pink (%)

30 95.42 96.25

20 73.75 80.42

10 40.83 57.50

5 38.33 42.92

0 37.50 36.67

Table III. Macro-F1

Condition Macro-F1

Clean 1.0000

Noisy 0.6023

Overall 0.6402

Table IV. Purity-level recall rates under noisy conditions
(averaged across all SNR levels from 0 dB to 30 dB and both
noise types)

Class Recall

14k 0.82

22k 0.49

24k 0.49
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“knee-point” occurring between 20 dB and 10 dB. The steepening
of the curve in this range indicates the critical region where acoustic
features fall below the noise floor, and the model loses access to
discriminative resonance frequencies.

Figure 4 depicts the impact of noise color on measurement
performance. At intermediate noise levels (20 dB), performance
under pink noise (80.42%) is noticeably higher than under white
noise (73.75%). The physical reason for this is that white noise
distributes energy equally across all frequencies, more aggressively
masking the high-frequency harmonics that allow us to distinguish

metallic ringing. Pink noise, on the other hand, concentrates energy
at lower frequencies, allowing some of the resonance details in the
upper frequencies to be preserved.

Figure 5 visualizes how noise disrupts decision boundaries.
The perfect diagonal structure seen in the clean matrix (1) is
distorted in the noisy matrix (2), with a particular concentration
forming in the bottom-left corner (True: 24k, Predicted: 14k). This
visual evidence confirms that noise causes high-purity classes to be
confused with lower-purity classes.

Figure 6 analyzes how 24k (True 24k) samples are misclassi-
fied under noise. The shift of a large portion of samples to the 14k
class can be explained by the Spectral Masking theory. Physically,
pure gold (24k) has lower internal damping and a longer resonance
tail. However, intense noise masks this long and thin decay tail. The
model associates this “truncated” or “buried” signal with 14k gold,
which exhibits inherently shorter and more attenuated resonance
characteristics due to its higher internal damping. We can term this
the “Artificial Damping Effect.” This finding proves that noise in
industrial environments not only reduces accuracy but also creates
the risk of making pure gold appear less valuable.

V. CONCLUSION AND FUTURE WORK
In this study, the robustness of deep learning-based acoustic gold
purity measurement systems under industrial noise conditions was
systematically analyzed. Experiments conducted using the ResNet-18
architecture and log-Mel spectrograms quantitatively demonstrated
how the flawless performance achieved in laboratory conditions
(100% Macro-F1) degraded under uncontrolled industrial environ-
ments. The results indicated that the system maintained its reliability,
with accuracy exceeding 95%, at noise levels of 20 dB SNR and
above. However, below this threshold, particularly at 10 dB, perfor-
mance exhibited a sharp collapse, rendering the system unreliable
for industrial standards without further mitigation. Furthermore, the
analysis revealed that noise did not distribute measurement errors
randomly. Instead, it obscured the resonance decay tails of high-purity
(24k) gold through spectral masking. This phenomenon caused the
model to misclassify pure gold as lower-purity (14k) gold, which
inherently possessed higher intrinsic damping. This “Artificial Damp-
ing Effect” highlighted a significant commercial risk where high-
value assets could be systematically undervalued. Consequently,
while deep learning models held high potential in ART, direct
industrial deployment with raw spectrogram data presented signifi-
cant risks, necessitating a pivot toward signal enhancement and noise-
robust feature extraction techniques in future developments.

A. LIMITATIONS OF THE STUDY

While this study established a clear physical robustness baseline,
certain limitations must be acknowledged to contextualize the
findings. First, the investigation relied on ResNet-18 as a repre-
sentative deep convolutional benchmark. However, results may
vary with emerging architectures such as transformer-based models
or attention-enhanced networks, which warranted further compar-
ative investigation. Second, and most critically, the robustness
evaluation was based entirely on controlled synthetic noise injec-
tion using white and pink noise as standardized proxies for
industrial interference. While this approach ensured reproducibility
and allowed the isolation of specific degradation mechanisms, it
did not fully capture the acoustic complexity of real industrial
environments. Real-world settings introduced nonstationary and
time-varying noise sources — including impulsive mechanical

Fig. 3. Measurement accuracy (%) as a function of signal-to-noise ratio
(SNR) for white and pink noise conditions. Both curves remain stable
above 20 dB SNR but exhibit a sharp nonlinear collapse between 20 dB
and 10 dB — the critical “knee-point” region where resonance decay tails
fall below the noise floor and the model loses access to discriminative
acoustic features. Below 10 dB, accuracy approaches chance level for both
noise types.

Fig. 4. Comparison of classification accuracy under white noise and pink
(1/f) noise across SNR levels. Pink noise consistently yields higher
accuracy at intermediate SNR values (e.g., 80.42% vs. 73.75% at 20 dB),
as its energy is concentrated in lower frequencies and therefore preserves
high-frequency harmonic resonance details. White noise, distributing
energy uniformly across all frequencies, more aggressively masks the
metallic ringing signatures critical for purity discrimination.
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shocks, reverberant room acoustics, and intermittent electrical
interference—whose spectral and temporal characteristics differed
substantially from the stationary noise profiles employed here. As a
result, the 20 dB SNR operational threshold identified in this study
should be interpreted as a controlled baseline boundary rather than
a directly transferable deployment specification.

The generalizability of this threshold to specific industrial
environments therefore remained an open research question. Future
work should prioritize two complementary directions: (i) extending

the noise stress-test framework to include nonstationary and impul-
sive interference profiles, and (ii) conducting on-site validation
experiments using recordings collected directly from gold refinery
or workshop environments. Such field validation would confirm
whether the identified robustness envelope holds under real acous-
tic conditions and, if necessary, recalibrate the operational thresh-
old accordingly. Until such validation is completed, deployment in
uncontrolled industrial settings should be approached with appro-
priate caution and supplemented by hardware-level noise isolation
or signal preprocessing measures.
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