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A B S T R A C T

Reliable in-situ monitoring of Laser Powder Bed Fusion (LPBF) remains challenging because acoustic emission 
(AE) signals exhibit data drift under changes in material composition, scan parameters, and sensor conditions. 
We propose an explainable Learnable Wavelet Scattering (LWS) framework that learns physics-consistent 
time–frequency representations and enables cross-domain generalization via zero-shot transfer learning. A 
trainable Morlet wavelet bank adaptively refines its center frequencies and bandwidths to capture process- 
specific spectral patterns. Multi-scale scattering coefficients are projected into a compact latent space and 
classified into melt-pool regimes: lack of fusion (LoF), conduction, and keyhole. Bayesian optimization selects an 
effective parameter configuration, achieving ~97% validation accuracy with stable convergence. Model-level 
causal influence quantifies band-wise contributions, showing that keyhole dynamics are dominated by low- 
frequency bands, whereas conduction and LoF rely on mid-to-higher frequencies. The learned filters converge 
toward physically meaningful bands most responsive to melt-pool transitions, providing actionable guidance for 
sensor bandwidth selection and tuning. Zero-shot transfer to an unseen dataset maintains high performance 
without retraining, indicating domain-invariant embeddings. Overall, LWS delivers an interpretable and robust 
AE-based monitoring approach for LPBF under realistic process drift. The framework is lightweight, requires only 
AE waveforms, and can be integrated into digital-twin workflows for scalable transferable process-state 
recognition.

1. Introduction

Additive Manufacturing (AM) represents a transformative approach 
to production, enabling the fabrication of complex geometries with 
unparalleled design freedom, minimized material waste, and enhanced 
resource efficiency. Its layer-wise fabrication principle facilitates the 
creation of lightweight, topology-optimized structures that are often 
unattainable through conventional subtractive methods [1]. This capa
bility has spurred innovation across high-value sectors such as aero
space, automotive, biomedical, and energy, where functional 
integration and mass reduction are paramount. Furthermore, the rapid 
prototyping capacity of AM significantly shortens development cycles, 
accelerating the transition from conceptual design to final deployment. 

For low-volume or customized production, AM offers distinct economic 
advantages by eliminating the need for specialized tooling and enabling 
on-demand manufacturing. Its near-net-shape nature and absence of 
part-specific molds drastically reduce material waste, supporting both 
cost-effectiveness and environmental sustainability. Within this broad 
spectrum of AM technologies, metal-based processes have garnered 
significant prominence due to their ability to produce fully dense, 
structural components directly from digital models. Among these, Laser 
Powder Bed Fusion (LPBF) has emerged as the most mature and widely 
adopted technique for producing high-precision metallic parts with 
controlled microstructural attributes [2]. The pre-eminence of LPBF 
within metal AM is distinguished by its capacity to fabricate intricate 
metallic components with sub-millimeter dimensional accuracy. A 
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further critical advantage is the substantial improvement in material 
utilization efficiency, as LPBF drastically reduces the buy-to-fly ratio 
compared to conventional subtractive machining [3]. Despite these 
advantages, the LPBF process is inherently challenged by its complex, 
multi-physics nature, which involves tightly coupled thermo-fluid- 
mechanical dynamics. The process initiates as a high-energy laser 
source irradiates the powder bed, leading to rapid heating, melting, and 
the formation of a transient melt pool governed by Marangoni convec
tion, capillary forces, and vapor recoil pressure [4–6]. The interplay 
between energy input, powder-bed characteristics, and melt-pool hy
drodynamics is highly nonlinear. Consequently, even minor deviations 
in critical process parameters, such as volumetric energy density, can 
rapidly shift the local energy balance, destabilizing the melt pool and 
inducing transitions between stable conduction, unstable keyhole 
(driven by vapor-cavity oscillation and collapse), and LoF regimes [7–9]. 
These detrimental mode transitions directly generate defects—including 
gas-entrapped porosity and LoF, balling instabilities, and spatter ejec
tion—which can propagate through successive layers [10–12]. This 
defect inheritance ultimately compromises the mechanical integrity, 
fatigue life, and dimensional fidelity of the fabricated component.

A comprehensive understanding of these process instabilities ne
cessitates a detailed examination of the governing factors and their 
controllability. In LPBF, process reliability is not dictated by a single 
variable but emerges from the complex interplay of preset conditions, 
actively controlled parameters, and stochastic in-situ phenomena 
[13,14]. The primary controllable inputs are established during process 
planning and include the core processing parameters (laser power, scan 
speed, hatch spacing, and layer thickness) and part design decisions 
(orientation and support structures). These inputs define the intended 
energy density and thermal management strategy. However, these in
puts interact with inherent or quasi-static conditions that are typically 
fixed for a given build. These include material characteristics (powder 
morphology, size distribution, and chemical composition) and the 
fundamental calibration of the equipment (optical alignment and laser 
spot characteristics) [15]. The central challenge arises from the dynamic 
and stochastic physical phenomena that occur during fabrication [9]. 
These are not directly controllable and include local variations in 
powder packing density, the complex thermo-fluid dynamics of the melt 
pool (e.g., Marangoni convection, vapor plume interactions, and spatter 
ejection), and the resultant ensuing solidification [16,17]. Process sta
bility exists within a narrow window, determined by the complex 
interplay of machine settings, material properties, and the inherent 
randomness of the melting process. This variability makes it difficult to 
consistently achieve critical quality attributes like density and stress, 
acting as a major barrier to qualification [18]. Ultimately, the unpre
dictable nature of this multi-parameter system remains a significant 
barrier to the qualification of high-value components, resulting in 
increased rework, intensive non-destructive inspection, and extended 
time-to-market.

The inherent coupling of controllable inputs with stochastic vari
ables renders the assurance of repeatable quality through parameter 
optimization alone exceptionally challenging. Consequently, achieving 
robust process qualification is increasingly dependent on multi-scale, in- 
situ monitoring to capture the transient physical signatures of the pro
cess as it unfolds [19–21]. Traditional qualification methods, reliant on 
post-build destructive testing and non-destructive evaluation (e.g., X-ray 
computed tomography), are fundamentally post-mortem and inefficient 
[22]. These approaches only detect defects after fabrication is complete, 
resulting in significant scrap loss and providing no insight into the dy
namic phenomena that initiated the flaw. This limitation is critically 
amplified by the sequential nature of layer-wise manufacturing, where a 
single undetected defect can propagate through subsequent layers, 
compromising an entire build. To address these shortcomings, the AM 
community is shifting towards integrated sensor systems designed to 
capture critical physical signatures, such as thermal evolution and melt- 
pool dynamics, across distinct spatiotemporal scales [23,24]. This 

strategy encompasses monitoring powder-bed uniformity at the 
macroscale, melt-pool morphology and thermal gradients at the meso
scale, and plume and spatter dynamics at the microscale. The correlation 
of data from off-axial and co-axial photodiodes, high-speed cameras, and 
Acoustic Emission (AE) sensors yields multi-modal signals that encode 
rich information on energy-coupling efficiency, melt-pool stability, and 
defect nucleation [25–27]. This integrated, multi-scale sensing frame
work provides the foundational data necessary to transition from post- 
mortem inspection to predictive quality assurance via in-situ moni
toring [28–31]. Optical and thermal monitoring systems yield critical 
information on surface emissions during LPBF but remain susceptible to 
occlusion and optical-path distortions. Air-borne AE sensing, by 
contrast, offers a versatile and economical means to resolve the rapid 
transient dynamics of the melt pool [32–36]. In addition to air-borne AE, 
structure-borne AE has been widely investigated for LPBF monitoring, 
typically by mounting piezoceramic transducers beneath the build plate 
or on the machine frame to capture elastic waves propagating through 
the solid structure [37,38]. Structure-borne AE is particularly effective 
for fast, bulk-driven events such as cracking and delamination, which 
often generate broadband emissions with dominant peaks above 100 
kHz and are captured more reliably in solids than in air due to reduced 
attenuation [39–41]. However, structure-borne AE responses are 
strongly shaped by sensor coupling, structural transfer paths, and 
platform-specific vibration propagation, which can limit reproducibility 
and complicate direct comparability across machines without careful 
calibration and transfer-function modelling [37,38]. In contrast, air- 
borne AE uses non-contact microphones to measure pressure waves in 
the chamber atmosphere and are well suited for capturing plume and 
surface melt-pool dynamics, which are closely coupled to regime tran
sitions and are commonly exploited for regime classification [37,38]. 
From a deployment standpoint, air-borne AE offers simpler integration, 
avoids coupling variability, and enables more standardized sensor 
placement across builds and machines, which aligns directly with the 
goal of learning stable embeddings under domain shift.

Machine Learning (ML) has become an indispensable tool for AM 
process monitoring, addressing the profound complexity and high 
dimensionality of in-situ sensor data that eludes conventional rule-based 
analysis [42–44]. The stochastic nature of LPBF generates intricate, non- 
linear relationships between process signals and defect formation, which 
ML is uniquely suited to decode [26]. Standard monitoring setups pro
duce heterogeneous, multi-modal data streams: one-dimensional tem
poral signals from photodiodes and acoustic sensors, two-dimensional 
spatial data from high-speed melt-pool imaging, and higher-order re
constructions from thermography. Uncovering physically meaningful 
correlations across these disparate modalities requires algorithms 
capable of capturing both long-range temporal dependencies and com
plex spatial contexts—a task that exceeds the capabilities of classical 
statistical methods [45,46]. By training on large datasets from co-axial 
and off-axial sensors, ML models learn the latent mappings between 
process signatures and melt-pool stability regimes, enabling real-time 
defect classification, anomaly detection, and predictive quality assess
ment [47,48]. The choice of learning paradigm is guided by data 
availability and labelling fidelity [49]. Supervised learning frameworks, 
including convolutional and recurrent neural networks, leverage fully 
annotated datasets to classify specific defect types or process states [50]. 
Where annotation is costly or ambiguous, unsupervised methods such as 
clustering and autoencoders discover hidden patterns and regime tran
sitions without explicit labels. Semi-supervised and self-supervised ap
proaches bridge this gap, leveraging limited labels alongside abundant 
unlabelled data to enhance model generalization and mitigate the 
manual labelling burden [51–53]. Collectively, these paradigms 
construct a hierarchical understanding of process dynamics, wherein 
models extract discriminative features, infer probabilistic class bound
aries, and feed results into decision-level control. In practice, the ML 
workflow encompasses sensor data acquisition, preprocessing and 
normalization, feature extraction across temporal, spectral, and spatial 
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domains, followed by model training, validation, and deployment for 
real-time inference. Through this structured progression, ML transforms 
monitoring from passive observation to active process intelligence, an 
evolution that signifies a decisive leap toward autonomous qualification 
and robust closed-loop control in metal additive manufacturing 
[54–57]. Data-driven frameworks now exploit convolutional and inter
pretable architectures to infer melt-pool states directly from high- 
frequency AE data [34,40,58,59]. Further, physics-embedded neural 
networks have shown promise in capturing spatial coupling and heat- 
transfer relationships [60].

Despite the significant progress enabled by ML, the increasing di
versity of machine architectures, process parameters, and sensor con
figurations in LPBF continues to pose a persistent challenge to model 
generalization [61]. Models trained within a specific parameter space or 
sensor configuration often fail when deployed under new conditions 
because of data drift, that is, systematic shifts in the statistical distri
bution of sensor signals induced by variations in material composition, 
optical alignment, chamber acoustics, or melt-pool dynamics [62–64]. 
This issue is particularly evident in AE –based monitoring, where even 
subtle changes in build-chamber geometry, powder morphology, or 
acoustic coupling can alter signal amplitude and spectral content, pro
ducing domain-specific artifacts that confound otherwise accurate 
classifiers. AE signals, while rich in process information, are inherently 
high-dimensional, non-stationary time series whose frequency content 
evolves dynamically with melt-pool transitions and plume activity 
[65,66]. Consequently, models that rely purely on statistical fitting often 
overfit to these dataset-specific characteristics and fail to generalize 
across machines or powder batches [63,67]. Conventional data-driven 
approaches, although effective within fixed experimental domains, 
lack physical awareness and thus exhibit limited transferability across 
varying process conditions. Addressing this limitation requires embed
ding physics-consistent priors into the learning pipeline so that models 
interpret sensor data not merely as abstract numerical sequences but as 
measurable signatures of the underlying laser–material and laser
–powder interactions. While transfer learning provides a pragmatic 
route to mitigate domain shifts by reusing knowledge from related 
process spaces, a deeper question arises: can a model inherently capture 
the governing physics of the process without explicit retraining? A physics- 
aware framework that learns invariant representations of melt-pool 
behavior, particularly those encoded in the time–frequency structure 
of AE signals, should in principle remain generalizable across machines, 
parameter spaces, and sensor configurations [60]. Cross-machine 
transfer frameworks, semi-supervised few-shot defect detectors, and 
transfer-learning-based acoustic monitoring illustrate early progress 
toward domain-general monitoring [32,68,69]. Prior work has 
addressed AE domain shift in LPBF by applying deep learning based 
unsupervised domain adaptation to bridge dissimilar process maps and 
mitigate distribution offsets across powder and parameter spaces [63]. 
In the proposed study, parts of the same experimental AE dataset are 
reused to provide a controlled benchmark for a different question than 
domain adaptation, namely whether a supervised, physics-aware rep
resentation with frequency-localized structure can achieve zero-shot 
transfer across powder-induced domain shifts without retraining or 
explicit domain alignment. This shifts the emphasis from distribution 
matching to physically grounded encodings of melt-pool dynamics. 
Achieving such interoperability represents a paradigm shift toward 
physics-informed monitoring representations that capture causal links 
between process emissions and melting regimes. Ultimately, certifiable 
repeatability in LPBF requires monitoring frameworks that are both 
informative and transferable. The intrinsic non-stationarity of AE sig
nals, coupled with variations in machine optics, powder size, and 
scanning parameters, underscores the necessity for representations that 
preserve the time–frequency structure of AEs with explicit ties to melt- 
pool physics [70]. Such physically grounded encodings not only 
enhance interpretability but also ensure robustness across diverse pro
cess windows and hardware platforms, laying the foundation for 

explainable, domain-invariant monitoring frameworks.
To advance toward this goal, the present study introduces an 

explainable Learnable Wavelet Scattering (LWS) framework that en
hances the information richness of AE signals and preserves robustness 
under data drift. The proposed approach unites learnable frequency- 
selective feature extraction with distribution-invariant representation 
learning and causal frequency attribution, thereby linking spectral de
scriptors directly to the underlying melt-pool physics. Unlike prior 
studies that apply generic ML algorithms to AE data without considering 
sensor bandwidth or the physical semantics of the signal, the LWS 
framework captures frequency-resolved patterns that remain stable 
across changing process conditions. This enables a unified, machine- 
agnostic monitoring model that combines the adaptability of deep 
learning with the interpretability of physics-based representations of
fering a viable pathway toward generalizable, explainable, and trans
ferable process monitoring in LPBF. This paper is structured into seven 
sections. Section 1 introduces the background of the LPBF process and 
delineates the research gap motivating this work. Section 2 outlines the 
methodological framework founded on LWS, which enables interpret
able, frequency-resolved representation learning from AE signals. Sec
tion 3 describes the experimental configuration, including material 
preparation, process parameters, monitoring instrumentation, and data- 
acquisition procedures. Section 4 presents the domain-drift character
ization, quantifying spectral and distributional deviations in AE features 
induced by variations in process-parameter spaces. Section 5 details the 
network architecture, Bayesian hyperparameter optimization, and 
training strategy underpinning the LWS model. Section 6 reports the 
inference and explainability results, encompassing model convergence, 
wavelet-filter evolution, causal frequency attribution, and cross-domain 
transfer evaluation. Finally, Section 7 consolidates the principal find
ings, emphasizing the interpretability, robustness, and domain-invariant 
nature of the proposed framework, and discusses future directions to
ward adaptive, physics-guided in-situ monitoring for LPBF.

2. Methodology

2.1. Learnable wavelet scattering

Wavelet scattering offers a principled framework for constructing 
stable, interpretable, and translation-invariant signal representations 
through cascaded convolutions with analytic wavelets, followed by non- 
linear modulus and local averaging operations [71]. This approach 
unites the rigor of classical time–frequency analysis with the flexibility 
of neural optimization, enabling the network to preserve physical 
interpretability while adapting its spectral representation to the data. 
Each analytic Morlet wavelet [72] acts as a localized band-pass filter and 
is mathematically expressed as in Eq (1)

ψfo(t) = e2πfote− t2/(2σ2) (1) 

where f0 denotes the center frequency and σ controls the temporal 
spread and bandwidth. Shorter kernels (small σ) provide excellent 
temporal resolution but span a broader frequency range, whereas longer 
kernels capture steady oscillations with higher frequency selectivity. To 
analyze the signal across multiple resolutions, a family of such wavelets 
is distributed on a logarithmic frequency axis according to Eq (2)

fj,q = 2− j/Qfmax, j = 0,⋯, J − 1, q = 1,⋯,Q, (2) 

where J specifies the number of octaves and Q the number of wavelets 
per octave, jointly defining the depth and density of the spectral 
decomposition. These two parameters determine how densely and how 
deeply the frequency spectrum is partitioned, balancing spectral 
coverage with computational cost. The concept is illustrated in Fig. 1, 
which shows the normalized magnitude responses of a Morlet filter bank 
with J = 3 octaves and Q = 3 wavelets per octave. Each color represents 
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a distinct octave group, with the corresponding center frequency 
marked by vertical dashed lines. The highest octave (blue) covers the 
upper end of the frequency range near fmax, while subsequent octaves 
(red and green) progressively capture mid- and low-frequency compo
nents. This logarithmic tiling ensures that lower frequencies are 
analyzed with narrower relative bandwidths (high spectral precision), 
whereas higher frequencies are represented with broader filters (high 
temporal precision). The parameter pair (J,Q) thus defines the overall 
spectral geometry of the wavelet bank, determining how information is 
distributed across scales.

After decomposing the signal across logarithmically spaced fre
quency bands, each wavelet acts as a localized “listener” that responds 
only to oscillations within its own spectral neighborhood. Through this 
multi-resolution decomposition, a signal x(t) is transformed into a hi
erarchy of sub-band representations that jointly encode its temporal and 
spectral characteristics. The complex convolution of the signal with each 

wavelet is expressed as in Eq (3), 

Y j,q(t) =
(
x* ψ j,q(t)

)
(t) (3) 

where ψ j,q(t) denotes the Morlet kernel corresponding to a specific scale j 
and sub-band index q.

Fig. 2 illustrates how the kernel length ksize influences the time
–frequency resolution of the Morlet wavelet for a fixed center frequency 
of 10 kHz. In the time domain (left column), increasing ksize expands the 
duration of the wavelet, allowing it to “listen” over a longer time win
dow. In the frequency domain (middle column), this produces a nar
rower bandwidth (smaller –3 dB width), indicating improved frequency 
selectivity. Conversely, shorter kernels offer sharper temporal localiza
tion but broader spectral coverage. The right column of Fig. 2 visualizes 
these kernels mapped over a 12 ms window in non-sliding setting, 
highlighting how the oscillatory structure becomes more slowly varying 
as ksize increases. This trade-off between temporal precision and 

Fig. 1. Normalized Morlet magnitude responses for J = 3 octaves and Q = 3 wavelets per octave. The filters are distributed logarithmically across frequency, 
illustrating how each octave band (green, red, blue) covers progressively lower frequency ranges with distinct bandwidths. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 2. Effect of kernel size (ksize) on the Morlet wavelet at fixed center frequency f0 = 10kHz. Left: time-domain amplitude showing longer temporal support for 
larger kernels. Middle: frequency-domain responses illustrating narrowing bandwidths. Right: Non-overlapping kernels mapped over a 12 ms window, emphasizing 
the trade-off between time and frequency resolution that governs wavelet design.
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frequency resolution lies at the core of wavelet analysis: short kernels 
are ideal for detecting transient or rapidly changing components, 
whereas longer kernels capture smoother, more stationary oscillations. 
In learnable implementations, ksize becomes a tunable hyperparameter 
controlling the temporal support of each wavelet filter, directly influ
encing how sensitively the model responds to short- or long-duration 
signal patterns. Together with the octave depth J, number of wavelets 
per octave Q, and averaging window avgsize, the kernel length defines the 
overall balance between localization and stability in the learned time
–frequency representation.

The modulus of this response is then taken to extract its instanta
neous amplitude. This operation converts the oscillatory convolution 
output into a measure of local energy, emphasizing how strongly the 
signal oscillates around the wavelet’s center frequency while discarding 
phase information as shown in Fig. 3. It provides a phase-invariant 
descriptor of signal intensity that varies smoothly over time and re
veals transient structures hidden in raw oscillations. The modulus is 
defined as in Eq (4)

Ej,q(t) =
⃒
⃒Y j,q(t)

⃒
⃒ (4) 

where Ej,q(t) denotes the instantaneous amplitude envelope of the signal 
filtered through the wavelet ψ j,q(t). The first panel in Fig. 3 shows a non- 
stationary input signal composed of three Gaussian bursts centered 
around 10 kHz. The second panel displays the real part of the Morlet 
wavelet (ksize = 256, f0 = 10.0 kHz) used as the analyzing kernel. When 
the signal is convolved with this wavelet, as shown in the third panel, the 
resulting response highlights temporal segments where oscillatory en
ergy near 10 kHz is most dominant. Applying the modulus operation 
yields the envelope shown in the bottom panel, which traces the 
instantaneous energy evolution of the signal. The two distinct peaks 

correspond precisely to the temporal locations of the bursts, demon
strating how the wavelets localize energy in both time and frequency 
while producing smooth, interpretable amplitude profiles.

This modulus-based envelope extraction represents a key stage in 
wavelet scattering: it bridges the transition from oscillatory components 
to energy-based representations, enabling phase-invariant, temporally 
resolved characterization of signals. It provides a physically meaningful 
intermediate feature that captures the strength and timing of dynamic 
events before subsequent averaging introduces further stability and 
invariance. To achieve robustness against small temporal shifts and local 
deformations, the extracted envelopes are subsequently smoothed using 
a low pass averaging filter ϕavg(t). This operation aggregates short-term 
variations into slowly varying trends, producing coefficients that are 
both translation-invariant and spectrally localized. The averaging stage 
is mathematically expressed as in Eq (5), 

Sj,q(t) = Ej,q(t)*ϕavg(t). (5) 

where ϕavg(t) is a smoothing kernel, typically flat or Hann-shaped. Its 
length, defined by avgksize, controls how much temporal information is 
averaged. Smaller avgksize values preserve fine temporal details but are 
more sensitive to short-term fluctuations, whereas larger values enhance 
stability by averaging over longer durations. Fig. 4 demonstrates this 
effect. The upper panel shows the instantaneous envelope |y(t)| obtained 
from the modulus stage, which oscillates rapidly due to fine-scale vari
ations in signal energy. The lower panel displays the results after 
applying moving-average smoothing with progressively larger window 
lengths. As the averaging window increases, the envelope becomes 
smoother and more stable, suppressing high-frequency fluctuations 
while retaining the primary energy peaks corresponding to the main 
signal events. This transformation yields a compact and robust repre
sentation that emphasizes structural trends rather than transient noise.

Together, these three operations convolution, magnitude extraction, 
and averaging transform a raw signal into a structured hierarchy of 
time–frequency descriptors that are both localized and invariant [73]. 
The parameters J and Q define the spectral tiling, while ksize and avgksize 
set the temporal precision and degree of invariance. The parameters 
jointly determine the resolution and stability of this representation. 
When balanced appropriately, these parameters yield compact, inter
pretable features that preserve the essential dynamics of the signal while 
filtering out irrelevant variability. In summary, LWS extends the clas
sical scattering framework by replacing fixed analytical filters with 
trainable parameters that adapt to data through end-to-end optimiza
tion. The core difference in LWS is that elements such as filter param
eters or thresholding operators inside the scattering network become 

Fig. 3. Illustration of convolution and envelope extraction using a Morlet 
wavelet. (Top) Input signal with two Gaussian bursts at f0 ≈ 10 kHz. (Second) 
Real part of the Morlet wavelet (ksize = 256, f0 = 10 kHz). (Third) Convolution 
output showing temporal localization of oscillatory activity. (Bottom) Envelope 
|y(t)| depicting instantaneous energy variations across time.

Fig. 4. Averaging stage of the wavelet feature extraction process. (Top) 
Instantaneous envelope |y(t)| obtained from the modulus stage. (Bottom) 
Smoothed envelopes obtained using different averaging window lengths, 
showing progressive suppression of high-frequency fluctuations and increased 
temporal stability.
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learnable, allowing optimization for specific tasks via backpropagation. 
This flexibility enables the model to discover frequency partitions that 
are maximally informative for the problem while retaining the inter
pretability and mathematical rigor of traditional wavelet theory. By 
combining the stability and invariance of handcrafted transforms with 
the adaptability of neural architectures, LWS achieves a principled 
balance between physics-based structure and data-driven learning.

2.2. Methodology

The proposed framework processes AE signals acquired during LPBF 
process to generate frequency-resolved representations that are both 
learnable and physically interpretable. In LPBF, process emissions 
comprising transient acoustic and optical signals encode rich informa
tion about melt-pool dynamics, defect formation, and stability of the 
laser–material interaction. Harnessing these signals requires represen
tations that are sensitive to localized temporal variations yet robust to 
stochastic noise and process-space variability. At the core of the moni
toring framework lies the LWS front-end, which extends the traditional 
scattering transformation by allowing wavelet parameters to adapt 
through backpropagation. The module, implemented as a Learna
bleMorletBank1D, parameterizes a family of Morlet filters with trainable 
logarithmic center frequencies (logf) and bandwidths (logbw), initial
ized across a multi-resolution grid defined by the parameters J and Q. 
These parameters determine the spectral coverage and resolution across 
the AE bandwidth, typically spanning 0–200 kHz which is the sensor 
range. During training, the network learns to reposition its wavelet 
centers and adjust bandwidths, emphasizing frequency regions that 
most effectively capture process-related variations such as LoF events, 
conduction-mode stability, or keyhole oscillations. In this way, the LWS 
transforms raw acoustic signals into structured spectral encodings that 
adaptively highlight the most informative bands for monitoring the 
laser–material interaction. The complete pipeline of the proposed 
monitoring framework is illustrated in Fig. 5, which summarizes the 
sequence from wavelet initialization and feature extraction to optimi
zation, classification, and explainability. Each normalized signal x(t) is 
convolved with the trainable Morlet filters to obtain subband responses 

yj,q(t), whose magnitudes 
⃒
⃒
⃒yj,q(t)

⃒
⃒
⃒ represent localized energy envelopes 

corresponding to distinct frequency bands. These envelopes are further 
smoothed using Hann low-pass filters of kernel length avgksize, ensuring 
temporal stability while preserving the underlying oscillatory structure. 
The resulting coefficients constitute first-order scattering features, 
which capture the sub-band energy distribution of AE signals with built- 
in translation invariance. These scattering coefficients are concatenated 
with a global average pooling term to form a compact feature vector 
representing the signal’s hierarchical frequency structure. The resulting 
representation is frequency-aware, physically interpretable, and directly 
linked to underlying melt-pool dynamics, enabling visualization 
through wavelet magnitude responses and Δ-spectral maps before and 
after training. To organize and compress the extracted features, the LWS 
outputs are projected into a latent embedding space using a batch- 
normalized projection head with Rectified Linear Unit (ReLU) activa
tion. This stage reduces the high-dimensional scattering representation 
to 128-dimensional embedding, preserving class separability while 
minimizing redundant variability across LPBF build domains.

A lightweight linear classifier then maps the latent embeddings to 
melt-pool regime labels—Lack of Fusion (LoF), conduction, and key
hole—corresponding to distinct modes of LPBF process stability. The 
entire network, including the learnable wavelet bank, projection head, 
and classifier, is trained end-to-end using the Adam optimizer with a 
cosine-annealed learning rate (lr) schedule, ensuring stable convergence 
while preventing overfitting to specific emission patterns. The main 
hyperparameters— lr, J, Q, ksize, and avgksize—are tuned through 
Bayesian Optimization (BO) using the Optuna framework with a Tree- 
structured Parzen Estimator (TPE) sampler [74]. Early pruning strate
gies based on the validation macro-F1 score ensure computational effi
ciency and focus the search on high-performing regions of parameter 
space. Overall, the proposed LWS-based monitoring framework trans
forms raw AE waveforms into a hierarchically organized, physically 
grounded representation that captures the fundamental time–frequency 
structure of LPBF process dynamics. By learning from real process 
emissions rather than relying solely on predefined analytical wavelets, 
the network achieves a balance between interpretability and 

Fig. 5. Workflow of the LWS front-end and feature pipeline for LPBF process monitoring.
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adaptability—providing an explainable, domain-transferable founda
tion for in-situ monitoring of AM processes.

3. Experimental setup, materials and data acquisition

3.1. Experimental setup and materials

All experiments were performed on a SISMA MySint 100 LPBF sys
tem equipped with a continuous-wave fiber laser (1070 nm, max. 200 
W) producing a Gaussian beam with a 55 µm 1/e2 spot diameter. Gas- 
atomized 316 L stainless steel powder (Oerlikon Metco) was classified 
using a 325-mesh sieve (45 µm aperture) into a coarse fraction (P1, >45 
µm) and a fine fraction (P2, <45 µm) to induce a controlled, physically 
grounded domain shift. The powder characteristics have been described 
in our previous studies [59,70]; for completeness, the corresponding 
particle size statistics (D10, D50, and D90) are reported again in Table 1. 
This particle-size shift modifies powder-bed packing and effective heat 
transport, perturbing melt-pool wetting, stability, and spatter activity, 
which in turn alters the amplitude, spectral content, and temporal 
structure of airborne AE. Such powder-induced shifts can degrade con
ventional CNN performance without retraining or explicit domain 
adaptation. Here, we test whether a physics-aware Learnable Wavelet 
Scattering (LWS) front-end enables zero-shot transfer across powder 
domains via frequency-localized, interpretable representations. The 
experimental platform, sensor mounting, and trigger-synchronized 
acquisition pipeline are unchanged from our prior publications [63]; 
the same validated LPBF framework and AE dataset are reused solely to 
address this distinct objective, and only essential details are summarized 
in this section.

3.2. Process parameters

The objective of this study is to evaluate a lightweight, physically 
interpretable, and transferable framework for classifying LPBF melt- 
pool regimes (LoF, conduction, keyhole) and enabling causal, 
frequency-resolved interpretation of AE under process drift. Two data
sets were collected using identical procedures but different powder size 
distributions: D1 employed the coarse fraction (>45 µm), while D2 
employed the fine fraction (<45 µm). The three regimes were produced 
by systematically varying laser power and scan speed within each 
powder domain, as summarized in Table 2. For the same nominal 
regime, the laser power was intentionally offset between the two powder 
distributions (while maintaining the corresponding scan speed) to 
introduce a measurable yet physically consistent cross-domain shift. 
Further experimental details are provided in our prior publications [63].

The formation of the three distinct melt-pool regimes was validated 
through optical microscopy on cross-sections taken perpendicular to the 
scanning direction. These samples were sectioned, ground, and polished 
according to metallographic standards. Characteristic differences in 
porosity, void morphology, and relative density, shown in Fig. 6 (see 
[63] for full metallographic details), confirmed that the selected process 
parameters successfully produced the intended regimes for both powder 
distributions.

3.3. Monitoring setup, data acquisition pipeline and pre-processing

A CM16/CMPA airborne AE sensor (Avisoft Bioacoustics), featuring 
a flat frequency response from 2 to 200 kHz, was integrated into the 

LPBF chamber to capture acoustic-wave activity generated during 
laser–material interaction (Fig. 7). An off-axis optical trigger was used to 
time-align AE with laser exposure: optical emissions were collected 
using a fixed-focus collimator (F810SMA-1064, Thorlabs) coupled via a 
550 µm fiber to a photodiode (PDA20CS2, Thorlabs; 800–1700 nm), 
which detects near-infrared back-reflection and melt-pool radiation. The 
photodiode gain was set to saturate at 5 V during active irradiation, and 
each saturation interval (one scan vector) served as the temporal 
reference for extracting the corresponding AE segment.

Both optical and AE signals were digitized using a PCIe DAQ card 
(Advantech 1840) at ± 5 V and 400 kHz under custom C# control, with 
acquisition triggered when the photodiode exceeded 0.5 V. AE tracks 
were segmented into fixed 12.5 ms windows (5,000 samples) and 
filtered offline using a fourth-order Butterworth low-pass filter with a 
150 kHz cutoff to suppress high-frequency electronic noise and match 
the effective sensor bandwidth. This acquisition and preprocessing 
pipeline is identical to that already reported in our prior work [63]. and 
was kept unchanged across both datasets to ensure that observed spec
tral differences reflect powder- and process-induced variations rather 
than inconsistencies in signal handling. Key dataset parameters are 
summarized in Table 3.

4. Domain drift characterization

To quantify the spectral characteristics of the AE signals and assess 
the degree of drift between the two datasets (D1: coarse > 45 µm; D2: 
fine < 45 µm), each 12.5 ms AE segment was transformed into the fre
quency domain using the Welch power-spectral-density (PSD) estimator. 
The resulting PSD for each signal was normalized to remove amplitude 
bias, enabling scale-independent comparison of spectral structures. 
From each normalized spectrum, two key frequency-domain features 
were extracted to describe the energy distribution and spectral 
complexity of the AE signals. The spectral centroid (fc) represents the 
“center of mass” of the signal’s spectral energy distribution and provides 
a measure of where most of the acoustic power is concentrated along the 
frequency axis as in Eq (6)

fc =
∑M

i=1
fiP(fi) (6) 

A higher fc indicates that the signal energy is concentrated at higher 
frequencies, typically associated with rapid melt-pool oscillations and 
fine-scale process dynamics. The spectral entropy (Hs) quantifies the 
degree of disorder or flatness in the frequency spectrum, reflecting how 
evenly the energy is distributed across frequencies as in Eq (7)

Hs = −
∑M

i=1
P(fi)logP(fi) (7) 

Higher Hs values correspond to broader and more stochastic spectral 
content, while lower values indicate tonal or periodic signals. Fig. 8
shows the distribution of fc and Hs across the three melt-pool regimes— 
LoF, conduction, and keyhole—for both D1 and D2, combining box and 
scatter representations. The annotated p-values are derived from two- 
sample Kolmogorov–Smirnov (KS) tests [75] comparing D1 and D2 
within each regime.

Table 1 
Statistics of mean cumulative particle size distribution in terms of D10, D50 and 
D90.

Category D10 D50 D90

Particle distribution above 45 µm [P1] 30.9 μm 42.3 μm 57.9 μm
Particle distribution below 45 µm [P2] 19.1 μm 29.6 μm 45.3 μm

Table 2 
LPBF process parameters on the two different powder distributions.

Laser 
Power (W)

Scan speed 
(mm/s)

Particle distribution Dataset 
name

LoF 110 800 Particle distribution 
above 45 µm [P1]

D1

Conduction 160 400
Keyhole 160 75
LoF 90 800 Particle distribution 

below 45 µm [P2]
D2

Conduction 140 400
Keyhole 180 75
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Across all regimes, AE signals from the fine-powder domain (D2) 

exhibit systematically higher centroid frequencies and entropies 
compared to the coarse-powder domain (D1), with all differences being 
statistically significant (p < 1 × 10− 4). The upward shift in spectral 
centroid indicates enhanced high-frequency activity in D2, consistent 
with finer particle morphology, increased absorptivity, and more rapid 
melt-pool oscillations, while the elevated entropy values signify greater 
spectral complexity and broader energy distribution. The keyhole regime 
displays the largest spread in both descriptors, reflecting its inherently 
unstable and broadband nature associated with vapor-plume pulsations 
and melt-pool collapse events. These consistent shifts in the distributions 
of spectral centroid and entropy confirm that the AE feature space 

Fig. 6. Optical micrograph for each regime across two 316 L powder distributions P1 and P2.

Fig. 7. Sisma MYSINT 100 augmented with air-borne acoustic sensor and photodiode trigger for LPBF process.

Table 3 
Composition of datasets D1 and D2 formed from AE segments (12.5 ms, 5000 
samples) captured under particle distributions P1 and P2 for zero-shot transfer 
evaluation.

Particle distribution LoF pores Conduction Keyhole

Dataset [D1] 10,450 10,450 10,450
Dataset [D2] 10,100 10,100 10,100
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undergoes a systematic domain drift between D1 and D2, arising from 
physical variations in powder morphology and process-energy coupling 
rather than from labeling or sampling bias. Consequently, a model 
trained solely on D1 would encounter a shifted spectral landscape when 
evaluated on D2, motivating the development of the LWS framework 
described in section 5 to learn domain-invariant, physics-consistent 
representations that generalize robustly across such process drifts.

5. Training architecture

5.1. Input representation

The proposed model operates directly on one-dimensional AE 
waveforms acquired during the LPBF process. Each waveform corre
sponds to a single laser scan vector, segmented from the continuous AE 
stream such that each segment contains T = 5000samples, representing 
the full acoustic response over a temporal window of 0.0125 s (12.5 ms) 
at a sampling rate of 400 kHz. Formally, each segment is expressed as a 
discrete time series as in Eq (8). 

x = {xt |t = 1,2,⋯,T}, xt ∈ R (8) 

where xt denotes the instantaneous acoustic amplitude at time index t. 
To eliminate baseline drift and amplitude bias, each AE segment is 
normalized on a per-instance basis as in Eq (9). 

x̃t =
xt − μx

σx
, μx =

1
T
∑T

t=1
xt , σx =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
T
∑T

t=1
(xt − μx)

2

√

(9) 

This zero-mean, unit-variance normalization ensures that subsequent 
convolutional operations emphasize the relative temporal–spectral 
structure of the signal rather than absolute energy magnitudes affected 
by sensor coupling or gain variations. The normalized signal ̃x ∈ R1×T is 
reshaped into a tensor X = reshape(x̃) ∈ R1×5000,

preserving temporal continuity for one-dimensional convolutional 
filtering. The dataset D =

{(
Xi, yi

)}N
i=1 is randomly partitioned into 

70% training and 30% testing subsets, maintaining balanced class dis
tributions across the three melting regimes yi∈ {0,1,2} ⇒ {LoF, con
duction, keyhole}. This stratified sampling ensures unbiased evaluation 
of the model’s performance and generalization across distinct process 
states.

5.2. Network architecture, latent embedding and classifier

The overall architecture consists of three main stages: a LWS front- 
end for physics-informed feature encoding, a projection head for 
latent embedding, and a linear classifier for melt-pool regime identifi
cation. The LWS front-end, previously described in Section 2.1, performs 
hierarchical time–frequency decomposition using a trainable Morlet 
filter bank whose center frequencies and bandwidths are optimized 

through gradient descent. For each scale j and sub-band q, the con
volutional response of the normalized AE signal ̃x(t) is given by Eq (10), 

yj,q(t) =
(
x̃*ψ j,q

)
(t), Sj,q(t) =

⃒
⃒
⃒yj,q(t)

⃒
⃒
⃒*ϕavg(t), (10) 

where ψ j,q(t) denotes the learnable Morlet kernel and ϕavg(t) is a Hann- 
shaped averaging window of length avgksize. The resulting coefficients 
Sj,q(t) form a structured feature tensor S ∈ RJ×Q×Tʹ that captures the 
multiscale energy distribution across the acoustic spectrum. These 
scattering features are vectorized and passed to a projection head that 
performs dimensionality reduction and normalization according to Eq 
(11), 

z = ReLU
(
Batch Norm

(
Wp vec(S) + bp

) )
, ẑ =

z
‖z‖2

, (11) 

where z ∈ R128 represents the latent embedding, Batch Norm(⋅) denotes 
batch normalization, and Wp and bp are learnable parameters. This 
embedding space compresses the high-dimensional scattering repre
sentation into a 128-dimensional manifold that retains discriminative 
spectral features while mitigating overfitting. Finally, a linear classifier 
maps the normalized embedding ẑ to the posterior probability distri
bution over the three melt-pool regimes— LoF, conduction, and keyhole 
via a temperature-scaled softmax function as in Eq (12)

p = softmax
(

Wc ẑ + bc

τ

)

, (12) 

where τ is the temperature parameter. The complete network, 
comprising the LWS front-end, projection head, and classifier, is trained 
end-to-end using the Adam optimizer with a cosine-annealed learning- 
rate schedule, ensuring stable convergence and physically interpretable 
feature learning. This design harmonizes the stability and interpret
ability of wavelet-based analysis with the adaptability of deep learning, 
yielding robust spectral representations that encode melt-pool dynamics 
with high discriminative fidelity.

5.3. Bayesian optimization and parameter selection

To identify the optimal architectural and training hyperparameters, 
a BO framework was implemented using the Optuna library with a TPE 
sampler. The search space encompassed the lr ∈

[
1× 10− 4, 3×

10− 3](log-scaled), the number of scales J ∈ [4,7], the number of wave
lets per octave Q ∈ [1, 4], the wavelet kernel length ksize ∈ [129,
513](odd-enforced), and the averaging kernel length avgksize ∈ [65,513]. 
Each trial trained the LWS-based network for 40–50 epochs using fixed 
optimizer settings and batch size of 64, and the validation macro-F1 
score served as the objective function L BO as in Eq (13), (Fig. 9) 

L BO = 1 − F1val. (13) 

Fig. 8. Distributional shift of spectral centroid and entropy between D1 (coarse) and D2 (fine) domains.
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Early-stopping based on median pruning was employed to terminate 
underperforming trials and expedite convergence toward high- 
performing regions of the hyperparameter space. The Fig. 10 illus
trates the distribution of validation macro-F1 scores across combina
tions of the five principal hyperparameters—lr, J, Q, ksize, and averaging 

kernel size (avgksize).
Each cell represents the interpolated performance landscape derived 

from BO trials, where darker regions correspond to higher macro-F1 
values. A well-defined and stable optimum emerges near J = 6 and Q =

3, confirming that the spectral decomposition depth and sub-band 
density exert the most significant influence on discriminative perfor
mance. In contrast, the nearly horizontal gradients observed along ksize 
and avgksize indicate low sensitivity to moderate kernel variations, sug
gesting that the learned representations remain robust to small 
temporal-resolution changes within the specified parameter range. After 
conducting 75 completed trials, F-test within Analysis of Variance (f- 
ANOVA) decomposition was performed to further quantify the contri
bution of each hyperparameter to the overall performance variance 
(validation macro-F1). The analysis confirms that Q and J dominate the 
sensitivity landscape, while the lr exerts a moderate effect as shown in 
Fig. 10. In contrast, wavelet kernel size (ksize) and averaging window 
length (avgksize) contribute minimally, indicating that spectral resolution 
and decomposition depth primarily govern the discriminative capability 
of the LWS front-end. The optimized configuration identified through 
BO was lr*

= 1.56 × 10− 3, J* = 6,Q* = 3, k*
size = 257, avgksize

* = 257.

Fig. 9. Pairwise parameter sensitivity maps from BO.

Fig. 10. Relative parameter importances from f-ANOVA analysis during BO.
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This configuration provided a balanced trade-off between spectral 
coverage and model compactness, resulting in smooth convergence 
behavior and high classification fidelity. These hyperparameters were 
subsequently fixed for all training, inference, and zero-shot transfer 
learning experiments to ensure reproducibility and consistent cross- 
domain evaluation throughout the study.

5.4. Training strategy

Once the optimal set of hyperparameters was determined through 
BO, the network training and evaluation were performed on an NVIDIA 
RTX 4000 GPU using the PyTorch 2.0 environment [76]. The model was 
trained in a supervised learning setting with a cross-entropy loss, 
employing the Adam optimization algorithm in conjunction with a 
cosine-annealed learning-rate scheduler to maintain gradual and stable 
convergence while avoiding oscillatory gradients. Each experiment 
consisted of 100 epochs, a batch size of 64, and a weight-decay coeffi
cient of 1 × 10− 4 to regulate parameter growth and mitigate overfitting, 
ensuring a smooth optimization trajectory. Throughout training, the 
framework continuously tracked the mean and variance of batch-level 
losses together with epoch-wise accuracy and macro-F1 statistics for 
both training and validation datasets. These diagnostic measures pro
vided quantitative insight into convergence dynamics and generaliza
tion capability. Within the learnable Morlet wavelet bank, the center 
frequencies and bandwidths of individual filters were adaptively refined 
through backpropagation, enabling the network to emphasize frequency 
bands most representative of distinct melt-pool behaviors. At regular 
checkpoints, the evolving wavelet parameters were stored and examined 
through frequency–response trajectories and Δ-spectral maps, illus
trating the progressive specialization of the spectral filters during 
learning.

Model performance was further validated using a suite of comple
mentary analyses, including confusion-matrix evaluation, t-Distributed 
Stochastic Neighbor Embedding (t-SNE) visualizations of latent-space 
separation, and class-wise precision and F-score measurements. The 
optimal checkpoint, identified by the highest validation macro-F1 score, 
was used in subsequent analyses focused on explainability, frequency 
attribution, and zero-shot transfer learning. Fig. 11 illustrates the 

complete workflow of the LWS framework used for LPBF process 
monitoring. The model converts raw AE signals into physically groun
ded, data-adaptive spectral representations through a hierarchy of 
trainable components. The LWS front-end employs a parameterized 
Morlet filter bank whose spectral parameters are iteratively optimized to 
capture the most informative frequency regions. The resulting scattering 
coefficients are processed by a projection head composed of batch- 
normalized linear layers with learnable weights and biases, which 
compress the high-dimensional spectral features into a 128-dimensional 
latent manifold that enhances separability among melt-pool regimes. 
The classifier head, implemented as a temperature-scaled linear layer, 
transforms these latent embeddings into class logits representing the 
LoF, conduction, and keyhole modes. All parameters—including those of 
the LWS filters, projection head, and classifier—are jointly optimized 
end-to-end via backpropagation of the cross-entropy loss, ensuring 
consistent gradient flow and unified adaptation across the network.

The full configuration of the training setup is summarized in Table 4. 
The model was trained under a supervised classification framework 
using the Adam optimizer with a lr of 1.56 × 10− 3 for 100 epochs. A 
batch size of 64 and a dropout rate of 10% were applied to enhance 
generalization, while data were reshuffled each epoch and split into 70% 
training and 30% testing subsets. The final network comprised 7991 
trainable parameters, offering a compact yet expressive representation 

Fig. 11. Workflow of the LWS framework for LPBF based on AE monitoring.

Table 4 
Training parameters on the LWS model trained after BO.

Training parameters LWS-CNN

Type of analysis Classification
Solver name Adam
Learning rate 1.56× 10− 3

Training epochs 100
Batch size 64
Dropout 10%
Loss Cross Entropy
Shuffle Every-epoch
Training set 70%
Testing set 30%
Trainable parameter 7991
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of AE dynamics. This training strategy resulted in stable convergence, 
high classification accuracy, and physically interpretable filter evolu
tion, establishing a robust foundation for the inference and zero-shot 
transfer analyses described in the following section.

6. Inference and explainable frequency attribution

6.1. Training convergence and model stability

The LWS network demonstrated stable convergence and strong 
generalization across 100 training epochs. As shown in Fig. 12, the 
training loss exhibited a rapid decline during the initial epochs and 
stabilized near the twentieth epoch, indicating efficient gradient prop
agation and effective feature learning. The cosine-annealed learning- 
rate schedule facilitated gradual optimization, preventing oscillatory 
updates and ensuring smooth convergence toward the minimum loss. 
The corresponding accuracy profile revealed that both training and 
validation accuracies exceeded 95% after approximately 60 epochs and 
progressively saturated near 98–99%. This trend reflects the robustness 
of the learned representations and the absence of overfitting. The nar
row separation between the training and validation curves highlights 
the strong inductive bias imparted by the learnable Morlet filter bank, 
which constrains learning to physically meaningful spectral domains 
and enhances stability. The optimized configuration—J = 6, Q = 3, 
ksize = 257, and avgksize = 257 yielded a smooth optimization trajectory 
and consistent classification fidelity across all three melt-pool regimes.

During inference, the trained model maintained excellent general
ization on the held-out test dataset. The normalized confusion matrix in 
Table 5 demonstrates well-balanced performance across all classes, 
achieving accuracies of 98% for LoF, 97% for conduction, and 99% for 
keyhole. The minimal off-diagonal components confirm that the learned 
spectral embeddings effectively discriminate among LoF, conduction, 
and keyhole dominated LPBF regimes.

To further examine the organization of learned features, the 128- 
dimensional latent embeddings from the projection head were pro
jected into two dimensions using t-SNE, as shown in Fig. 13. Distinct, 
non-overlapping clusters corresponding to the LoF, conduction, and 
keyhole regimes are clearly observed. The tight intra-class cohesion and 
wide inter-class separation indicate that the latent manifold preserves 
well-defined decision boundaries and captures discriminative, process- 
dependent frequency patterns. These findings confirm that the LWS 
framework not only achieves high predictive accuracy but also provides 
interpretable and physically consistent representations of melt-pool 
acoustic dynamics.

6.2. Cross-domain transfer evaluation

To evaluate the robustness and domain invariance of the proposed 
framework, the LWS model trained on the reference dataset (D1) was 
directly applied to an unseen target domain (D2). This zero-shot transfer 
configuration assesses the model’s ability to generalize under variations 

in material composition, powder particle size, and signal distribution. 
During inference, the trained weights obtained from D1 were frozen, and 
the same wavelet parameterization was maintained (J = 6, Q = 3, 
ksize = 257, and avgksize = 257). Despite the distributional shift between 
domains, the model maintained excellent predictive performance, 
achieving a retention rate exceeding 96% relative to its source-domain 
accuracy. This result demonstrates that the learned representations are 
largely domain-invariant and encode physically consistent acoustic 
features rather than dataset-specific artifacts. The normalized confusion 
matrix for the target domain (Table 6) indicates balanced and consistent 
classification performance, with accuracies of 95% for LoF, 94% for 
conduction, and 99% for keyhole. The minimal off-diagonal entries 
confirm that the latent spectral embeddings remain stable and 
discriminative across domains, effectively capturing the essential 

Fig. 12. Training convergence behavior of the LWS model.

Table 5 
Class-wise prediction accuracy of the LWS model.

Ground truth 
Classification 
(accuracy [%])

LoF Conduction Keyhole

LoF 98.5 1.5 0.0
Conduction 1.5 97.5 1.0
Keyhole 0.0 0.3 99.7

Fig. 13. T-SNE visualization of the 128-dimensional latent embeddings ob
tained from the LWS model, illustrating distinct clustering of melt-pool regimes 
(LoF, conduction, and keyhole).

Table 6 
Class-wise prediction accuracy of the LWS model under zero-shot domain 
transfer on D2.

Ground truth 
Classification 
(accuracy [%])

LoF Conduction Keyhole

LoF 95.0 5.0 0.0
Conduction 4.0 94.0 2.0
Keyhole 0.5 0.5 99.0
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time–frequency cues of melt-pool dynamics.
To further verify feature stability, the 128-dimensional latent em

beddings obtained from D2 were projected into two dimensions using t- 
SNE. The resulting clusters (Fig. 14) exhibit clear, non-overlapping 
separations corresponding to the three melt-pool regimes, confirming 
that the latent space learned from D1 preserves class boundaries even 
under distributional shift. These findings demonstrate that the LWS 
front-end captures domain-invariant acoustic representations governed 
by melt-pool physics rather than experimental variability.

6.3. Wavelet evolution and explainability analysis

To elucidate the spectral learning dynamics of the LWS network, the 
evolution of the learnable Morlet filters was analyzed between the initial 
and final training epochs. The frequency response of each filter Hj(f) was 
computed as the magnitude of its Fourier transform in Eq (14): 

Hj(f) =
⃒
⃒F
{

ψ j(t)
}⃒
⃒, (14) 

where ψ j(t) denotes the time-domain Morlet kernel corresponding to 
the jth filter. The relative change in spectral magnitude between the final 
(H(final)

j ) and initial (H(init)
j ) training epochs was then expressed as in Eq 

(15)

ΔHj(f) = 20log10

(
H(final)

j (f)

H(init)
j (f)

)

, (15) 

providing a signed measure of gain or attenuation across the frequency 
spectrum.

The resulting spectral adaptation of the learnable wavelet bank is 
visualized in Fig. 15. The left panel presents the ternary sign map, indi
cating the direction of spectral change for each filter and frequency 
bin—red denotes positive gain (+1), blue represents attenuation (− 1), 
and gray indicates negligible change (0) within ± 0.25 dB. Lower-order 
filters (indices 1–6), centered below 40 kHz, exhibit localized positive 
gains that correspond to enhanced representation of conduction − and 
partially fused melt-pool behavior. Conversely, higher-order filters show 
dominant negative shifts, reflecting suppression of high-frequency 
components that contribute limited physical information. The right 
panel displays the signed Δ-magnitude map, which quantifies both the 
magnitude and extent of spectral adaptation. The color scale encodes the 
signed difference in decibels between the final and initial filter magni
tudes, with red regions denoting amplified bands and blue regions 
representing attenuation. Collectively, these visualizations demonstrate 
that the LWS network adaptively redistributes its spectral empha
sis—reinforcing low- and mid-frequency filters most responsive to melt- 
pool dynamics while suppressing high-frequency bands dominated by 
stochastic noise. This adaptive spectral tuning confirms the model’s 
capacity to self-organize its frequency response toward physically 
meaningful and discriminative regions.

Fig. 16 illustrates the frequency-domain magnitude responses of the 

18 learnable Morlet filters before and after training, arranged by 
ascending center frequency from approximately 1 Hz to 160 kHz. The 
gray curves denote the initial (untrained) responses, while the colored 
curves show the final optimized filters. The shaded gray regions indicate 
octave boundaries, ensuring logarithmic spacing across the 0–200 kHz 
spectrum. During optimization, the low-order filters (1–6) preserved 
stable center frequencies with minor bandwidth adjustments, effectively 
capturing conduction-mode and partially fused melt-pool behavior. Mid- 
frequency filters (7–12) exhibited moderate passband sharpening and a 
gradual downward shift in their center frequencies. High-order filters 
(13–18) showed a pronounced migration of their center frequencies 
toward lower ranges, accompanied by bandwidth narrowing and se
lective amplification. This collective downward movement of the 
wavelet centers indicates a redistribution of spectral focus from high- 
frequency transients to more physically informative low- and mid- 
frequency regions, emphasizing the predominance of sub-40 kHz com
ponents in representing melt-pool dynamics and demonstrating the LWS 
model’s convergence toward the most causally relevant acoustic bands.

To assess whether the observed spectral reorganization depends on 
the initial placement of the wavelet filters, the Morlet bank was 
initialized using three schemes: random initialization within the sensor 
bandwidth, linear frequency spacing, and the logarithmic spacing used 
in the primary experiments. All other architectural and training hyper
parameters were kept identical. As shown in Fig. 17, despite substan
tially different initial frequency distributions, the learned filter 
responses after 100 training epochs converge to comparable frequency 
allocations. In particular, the concentration of filters toward the low-to- 
mid frequency range remains consistent across all initialization strate
gies. These findings indicate that the final spectral organization is not 
dictated by the logarithmic initialization prior but emerges from the 
data-driven optimization process. With 18 wavelets spanning the full 
sensor bandwidth (~0–200 kHz), each initialization provides sufficient 
initial spectral coverage to support effective gradient-based refinement 
across the relevant frequency regions. During training, the optimization 
consistently reallocates filters toward frequency bands that maximize 
class separability, indicating the presence of a stable, data-driven opti
mum. Classification performance and convergence behavior were also 
consistent across the three initialization schemes, showing no mean
ingful dependence on the choice of initialization. Overall, this robust
ness supports the conclusion that the observed spectral organization 
arises from the underlying AE signal structure rather than from a specific 
initialization strategy.

6.4. Causal and frequency-resolved explainability

To quantify the contribution of individual frequency bands to class 
discrimination, a model-level causal analysis was performed on the 
trained LWS model. Each wavelet sub-band was selectively attenuated 
within short temporal windows, and the resulting change in class 
probability was measured. The perturbed forward pass was imple
mented by applying an attenuation factor (α) between 0 and 1 to the jth 
frequency band and recomputing the class posterior probability. The 
causal effect of each band on a specific class was then calculated as the 
reduction in posterior confidence relative to the unperturbed baseline. A 
positive difference indicated that suppression of the frequency band 
reduced classification confidence, thereby revealing that the band car
ried causal importance for that class. Each wavelet sub band j was 
selectively attenuated within short temporal windows, and the resulting 
changes in class probability were measured. The perturbed forward pass 
was defined as in Eq (16)

p(α,j)
c = softmax

(
Wc z(α,j) + bc

τ

)

, (16) 

where α ∈ [0,1] is the attenuation factor applied to the jth band, z(α,j)

denotes the latent embedding computed under perturbation, and τ is the 
Fig. 14. T-SNE projection of 128-dimensional embeddings from the LWS model 
under zero-shot transfer (D1 → D2).
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temperature scaling parameter. The causal effect of each band on classc 
was quantified as the mean reduction in posterior probability as in Eq 
(17)

ΔP(j)
c = P(base)

c − P(α,j)
c , (17) 

where P(base)
c is the unperturbed prediction probability. A positive ΔP(j)

c 

indicates that attenuation of the jth frequency band decreases confidence 
in class c, thereby revealing that the corresponding spectral band is 
causally important for that regime. The aggregated causal responses 
across all filters were visualized through two complementary represen
tations. Fig. 18 illustrates the dominant inter-class causal dependencies 
across four characteristic frequency bands: 0–20 kHz, 20–40 kHz, 40–80 
kHz, and 80–160 kHz. The edge thickness represents the strength of 
causal influence, while the color denotes the corresponding frequency 
range. In the low-frequency domain (0–40 kHz), all three regimes— LoF, 
conduction, and keyhole exhibit strong bidirectional coupling, indicating 
that these lower bands encode broadband stress-wave interactions 
common to stable and transitional melting. Between 40 kHz and 80 kHz, 
the keyhole connections largely diminish, and only weak conduction – LoF 

links remain, suggesting that the sensor data within this frequency range 
is insufficient or unreliable for capturing meaningful melt-pool infor
mation. At higher frequencies above 80 kHz, the causal activity con
centrates primarily between conduction and LoF, while the keyhole 
regime becomes nearly inactive. This transition toward selective low- 
frequency dominance highlights that the key physical information 
governing melt-pool dynamics resides mainly below 40 kHz, with higher 
bands contributing minimally to process discrimination.

The Fig. 19 provides a detailed visualization of the frequency-to-class 
causal Sankey mapping derived from the perturbation analysis. Each 
link represents the cumulative causal contribution ΔP(j)

c of a specific 
wavelet band to a target class, and the link width is proportional to its 
magnitude, allowing direct comparison of spectral relevance across re
gimes. The frequency bands are arranged vertically on the left, pro
gressing from the lowest to the highest acoustic frequencies, while the 
three melt-pool regimes— LoF, conduction, and keyhole—are shown on 
the right. The causal importance of each frequency band was quantified 
by systematically attenuating individual wavelet sub-bands and 
measuring the resulting reduction in class confidence; a larger reduction 
indicated stronger causal relevance for that class. Formally, the total 

Fig. 15. Ternary sign and Δ-Magnitude maps depicting spectral adaptation of the learnable wavelet bank.

Fig. 16. Frequency-domain magnitude responses of all 18 learnable Morlet filters before and after training, ordered by ascending center frequency.
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band-level causal importance integrated over all classes is expressed as 
in Eq (18)

Ij =
∑C

c=1

⃒
⃒
⃒
⃒
⃒
ΔP(j)

c

⃒
⃒
⃒
⃒
⃒
, (18) 

and the class-specific importance ratio is computed as in Eq (19)

R(j)
c =

⃒
⃒ΔP(j)

c

⃒
⃒

∑
cʹ
⃒
⃒ΔP(j)

ć

⃒
⃒
, (19) 

The thickness of each link in the Fig. 19 is proportional to Ij, while 
the color encodes its spectral position, enabling direct comparison of 

causal relevance across frequency bands and melt-pool regimes. The 
Fig. 19 reveals that most of the causal energy is concentrated in the low- 
frequency range below 40 kHz, which contributes dominantly to both 
conduction and LoF classifications. These frequencies correspond to 
broadband mechanical stress waves and thermoelastic oscillations 
associated with stable or partially fused melt pools. In contrast, the mid- 
frequency region (40–80 kHz) shows very limited or scattered connec
tivity, indicating that the sensor response in this range is insufficient to 
capture reliable melt-pool information. Beyond 80 kHz, only weak and 
sporadic causal flows are observed, primarily linking conduction and 
LoF, while the keyhole regime receives comparatively minor input from 
these high-frequency components. Overall, the Sankey representation 

Fig. 17. Initialization sensitivity of the 18 learnable Morlet filters before and after training. Left: initial magnitude responses for (a) random, (b) linear, and (c) 
logarithmic frequency initialization. Right: corresponding learned filter spaces after 100 training epochs, showing convergence to comparable frequency allocations 
across initializations.
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emphasizes that the most informative spectral content for process 
discrimination lies below 40 kHz, confirming the low-frequency domi
nance of melt-pool acoustics and the limited physical relevance of the 
40–80 kHz band for sensing purposes.

The differing frequency dependence across regimes can be inter
preted in terms of the characteristic spatial and temporal scales of melt- 
pool dynamics. In the keyhole regime, acoustic emission is governed by 
large-scale vapor cavity oscillations driven by recoil pressure and sur
face tension, which occur at longer characteristic time scales (τ ~ 1/f) 
and therefore concentrate energy in low-frequency bands, typically 
below 30 to 40 kHz [77]. In contrast, the conduction and LoF regimes 
involve shallower melt pools and more localized, transient thermo- 
mechanical events such as capillary surface perturbations, intermittent 
bonding, rapid solid–liquid transitions, and localized stress release. 
These processes occur over shorter time scales and smaller spatial do
mains, which naturally contribute to broader and higher-frequency 
acoustic components. This provides a mechanistic explanation for why 
keyhole influence diminishes above approximately 80 kHz in Fig. 19, 
while conduction and LoF retain measurable sensitivity in higher bands. 
This interpretation is consistent with prior explainable machine learning 
analysis on airborne AE in 316 L, which identified decision-relevant 

information predominantly below 40 kHz while highlighting the 
importance of finer low-to-mid frequency structure for separating 
closely related regimes [70]. The model-level causal analysis reveals 
that the LWS framework offers frequency-resolved interpretability by 
directly linking learned representations to physically meaningful pro
cess signatures. By quantifying the direction and magnitude of class 
transitions across frequency scales, the method transforms model 
explainability into a physics-grounded spectral attribution framework. 
The analysis confirms that the LWS model learns stable, process- 
consistent acoustic features that generalize across domains, capturing 
invariant frequency bands governing melt-pool transitions. These 
physically robust embeddings provide a reliable foundation for assessing 
the model’s transferability, as discussed in the following section on 
cross-domain analysis.

6.5. Benchmarking

To contextualize zero-shot transfer performance, we include a stan
dard lightweight 1D-CNN baseline trained on the source domain D1 
using the same AE segments, preprocessing, optimization settings, and 
classifier head as the proposed LWS pipeline. The CNN (CNN-1) is then 
evaluated on the target domain D2 without retraining or fine-tuning, 
serving as a benchmark reference for how a conventional time-domain 
feature learner degrades under cross-domain drift. To ensure a fair 
and literature-consistent baseline, CNN-1 adopts a standard 1D con
volutional design inspired by previously reported AE-based LPBF 
monitoring frameworks that did not investigate zero-shot transfer 
learning [63]. Fig. 20 (a) illustrates the CNN-1 architecture employed in 
this study. Each AE segment of 12.5 ms (≈ 5 000 samples at 400 kHz) 
was processed through five one-dimensional convolutional layers 
(kernel size = 16), followed by a Fully Connected layer (FC) and a final 
classification layer. Each convolutional block incorporated batch 
normalization and a ReLU activation, with a 5% dropout applied to 
mitigate overfitting. The output of FC served as a compact latent 
embedding for subsequent visualization. Overall, CNN-1 consisted of 46 
455 trainable parameters. The model was trained with a multi-class 
classification objective using the cross-entropy loss function. Optimi
zation was performed using the Adam optimizer with a lr of 0.001 over 
100 epochs. Each epoch comprised mini-batches of 512 AE samples, 
with the dataset shuffled at the start of every epoch to ensure random
ized training. A dropout rate of 0.05 was consistently applied across all 
convolutional layers, and the data were split into 70% for training and 

Fig. 18. Causal transition diagrams illustrate frequency-dependent inter-class connectivity.

Fig. 19. Sankey diagram visualizing band-to-class causal contributions.
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30% for testing. The total of 46,455 tunable parameters was optimized 
to classify the AE signals into the three melt-pool regimes: LoF, con
duction, and keyhole.

On the source domain (D1), CNN-1 achieved a mean classification 
accuracy of 98.1%, clearly distinguishing the three melt-pool regimes 
(Table 7). However, when the trained model was directly applied to the 
target domain (D2) without retraining, its performance dropped mark
edly to 77.8%, with most misclassifications occurring between the LoF 
and conduction regimes. To further examine whether the observed 
transfer degradation is attributable to model over-parameterization 
rather than architectural inductive bias, we implemented an addi
tional compact convolutional baseline (CNN-2) with approximately 

7,951 trainable parameters, closely matching the LWS model (~7,991 
parameters). The architecture of CNN-2 is illustrated in Fig. 20(b). It 
follows the same preprocessing pipeline, data split (70%/30%), opti
mizer (Adam), learning rate, number of epochs, and loss function as 
CNN-1, while employing reduced channel widths to control model ca
pacity. No additional hyperparameter tuning was performed beyond 
capacity matching to ensure a fair comparison. On the source domain 
(D1), CNN-2 achieved a mean classification accuracy of 97%, indicating 
that the reduced parameter count still permits strong in-domain 
discrimination (Table 7). However, under zero-shot transfer (D1 → 
D2), its accuracy decreased to 76.9%, closely mirroring the degradation 
observed for CNN-1. The comparable cross-domain performance of 
CNN-1 (46,455 parameters) and CNN-2 (~8k parameters) indicates that 
the transfer gap is not primarily explained by model size or implicit 
regularization effects. Instead, it reflects a structural limitation of purely 
time-domain convolutional architectures under spectral distribution 
shift. While CNN-1 and CNN-2 exhibit substantial degradation under 
cross-domain drift, this effect is not uniform across regimes. In partic
ular, keyhole classification remains highly robust on D2, whereas most 
errors arise from increased confusion between LoF and conduction. This 
indicates that the principal benefit of LWS lies in stabilizing the learned 
representation and decision boundary for the more spectrally adjacent 
LoF and conduction modes under drift, rather than improving an already 
well-separated keyhole regime. The strong transferability of the keyhole 
class for both CNN and LWS further suggests that keyhole acoustics 
encode a comparatively distinctive signature, whereas LoF and conduc
tion require finer, frequency-resolved separation that is more sensitive to 
domain-dependent spectral shifts.

In addition to quantitative evaluation, the organization of the 
learned latent embeddings under zero-shot transfer was examined using 
t-SNE projection. Fig. 21 shows the 2D embedding space for the fixed- 
scattering front-end when trained on D1 and evaluated on D2. 
Compared to the full LWS model (Section 6.2), the clusters exhibit 
increased overlap between LoF and conduction regimes, indicating 

Fig. 20. Architectures of the CNN baselines used for benchmarking: (a) over-parameterized CNN-1 (46,455 parameters) and (b) parameter-matched CNN-2 (7,951 
parameters) implemented to isolate the effect of model capacity from architectural inductive bias.

Table 7 
Class-wise classification accuracy (%) of CNN-1 (46,455 parameters) and 
parameter-matched CNN-2 (7,951 parameters) across source (D1) and zero-shot 
target (D2) domains.

Ground truth 
Classification 
(accuracy [%])

LoF Conduction Keyhole

LoF 98.3 
57.3

1.7 
42.7

0.0 
0.0

98.0 2.0 0.0
56.8 43.2 0.0

Conduction 2.2 97.1 0.7
15.6 78.2 6.2
3.2 95.0 1.8
17.0 76.0 7.0

Keyhole 0.2 0.7 99.1
1.2 0.8 98.0
0.9 1.1 98.0
1.2 0.8 98.0

Each cell's classification outcomes are arranged in the descending order listed 
below: CNN-1 (Bold- D1), CNN-1 (Italics- D2), CNN-2 (Bold- D1) and CNN-2 
(Italics- D2). All values are in %.
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reduced class separability under distribution shift. This reduced sepa
rability also translates into degraded classification performance in the 
target domain, resulting in lower prediction accuracy for the fixed- 
scattering configuration. Overall, these results indicate that while 
fixed wavelet scattering provides structured time–frequency represen
tations, adaptive refinement of wavelet center frequencies and band
width parameters improves spectral alignment with melt-pool 
dynamics, yielding more stable cross-domain embeddings. The 
increased LoF–conduction overlap suggests that a fixed wavelet tiling 
cannot adequately accommodate domain-shifted AE spectral patterns; in 
contrast, learnable adaptation of wavelet center frequencies and band
widths mitigates this overlap by re-centering filters on the most 
discriminative, physically informative bands, confirming that the 
“learnable” component is critical for robustness under drift.

6.6. Discussion and insights

By replacing fixed analytical wavelets with a trainable Morlet filter 
bank, the proposed LWS model dynamically adapts its spectral decom
position to the process-specific acoustic landscape while preserving 
interpretability through explicit frequency localization. The entire 
framework followed a systematic pipeline, beginning with process 
parameter selection via BO to identify the optimal configuration of 
spectral hyperparameters. Eighteen learnable wavelets were obtained 
through the combination of J = 6 octaves and Q = 3 wavelets per octave, 
ensuring dense spectral coverage of the AE bandwidth while maintain
ing computational efficiency. This parameterization offered an effective 
balance between frequency resolution, model compactness, and 
discriminative capability, allowing the model to autonomously identify 
sub-bands corresponding to physically meaningful melt-pool phenom
ena such as LoF, conduction, and keyhole oscillations. The evolution of 
the learnable filters during training provided insight into how discrim
inative spectral regions are allocated across regimes, rather than serving 
only as qualitative validation. Lower-frequency filters captured me
chanical stress-wave activity associated with keyhole-mode defects and 
bulk AE waveforms, while higher-frequency filters responded to tran
sient vapor-plume oscillations and fine-scale melt-pool instabilities. 
Importantly, the learned redistribution of spectral emphasis clarifies 
regime separability under domain drift, particularly along the spectrally 
adjacent LoF–conduction boundary, where conventional CNN baselines 
exhibited greater confusion. The keyhole-mode regimes exhibited 
dominant low-frequency bursts, typically below 30 kHz, linked to vapor 
cavity oscillations, plume pulsations, and periodic keyhole collapse 
events. The learnable wavelet filters adaptively sharpened their sensi
tivity in these regions, revealing the spectral fingerprints of melt-pool 
instability and the transition toward the keyhole regime. As training 
progressed, the center frequencies of several wavelets migrated toward 
lower spectral ranges, emphasizing the dominance of low-frequency 
content in encoding process-relevant acoustic dynamics. From a 
sensor-design perspective, this observation is particularly significant 

because most of the learned wavelet centers lie within the sub-40 kHz 
range, suggesting that effective acoustic monitoring can be achieved at 
moderate sampling rates. This provides actionable guidance for opti
mizing data-acquisition systems, reducing sampling frequency, storage 
requirements, and signal-processing overhead, thereby bridging model 
interpretability and monitoring strategy.

The Δ-magnitude and ternary-sign analyses demonstrated that the 
learned spectral adaptations align closely with melt-pool physics rather 
than arbitrary statistical fitting, reinforcing the framework’s ability to 
maintain interpretability while achieving data-driven optimization. The 
systematic downward drift of the wavelet center frequencies provides 
further evidence that the model converges toward physically discrimi
native and stable acoustic bands instead of high-frequency noise. The 
causal and frequency-resolved attribution analyses were used to quan
tify model-level causal influence of specific frequency bands on regime 
predictions, clarifying how the network links acoustic frequencies to 
melt-pool states. Perturbation-based causal mapping quantitatively 
identified the frequency bands that most strongly influence classifica
tion outcomes, clarifying how the network links acoustic frequencies to 
physical melt-pool states. These relationships, visualized through cir
cular transition and Sankey diagrams, provide a mechanistic interpre
tation of the model’s decision process, showing that classification 
boundaries arise from physically grounded spectral cues. The zero-shot 
transfer evaluation confirmed that the learned acoustic embeddings 
remain robust to variations in powder size distribution, material 
composition, and process parameters. The model’s consistent cross- 
domain performance validates that it learns invariant acoustic princi
ples of laser–material interaction rather than dataset-specific artifacts, 
establishing the LWS framework as a physics-consistent, domain-inde
pendent foundation for process monitoring in LPBF.

In the context of our previously reported domain adaptation and self- 
supervised representation learning approaches [59,63], the LWS 
framework introduces a distinct perspective. Whereas prior domain 
adaptation strategies require exposure to target-domain data to align 
embeddings across distributions, the present approach learns frequency- 
structured embeddings exclusively from the source domain and pre
serves their stability under domain shift without additional alignment. 
Moreover, the compact parameterization (~8k trainable parameters) 
and the explicitly inspectable Morlet filter bank provide both compu
tational efficiency and direct interpretability of the learned spectral 
basis. The ability to visualize the evolution of center frequencies and 
bandwidths offers a physically grounded understanding of how 
embedding reorganizes under training, which is less transparent in 
purely alignment-driven or high-capacity CNN representations. In this 
sense, LWS complements prior adaptation-based methods by providing a 
zero-shot, compact, and frequency-interpretable embedding framework 
for LPBF monitoring.

It should be noted that the cross-domain robustness demonstrated 
here pertains to intra-material distribution shifts (powder size variation 
within 316 L) under fixed machine architecture. Transfer across 
fundamentally different alloy systems may exhibit altered spectral 
perturbation patterns due to changes in thermophysical properties and 
melt-pool dynamics, as indicated in prior studies [58,78]. While the 
physics-aligned wavelet parameterization provides a structured 
embedding, full inter-material zero-shot generalization cannot be 
assumed and requires dedicated validation. Similarly, machine-specific 
acoustic transfer functions may introduce spectral bias; however, sensor- 
position standardization and calibration protocols can mitigate such 
effects. In scenarios involving more pronounced material or hardware 
variability, integrating acoustic embeddings with complementary 
sensing modalities (e.g., optical plume monitoring, melt-pool imaging, 
or thermal signals) through structured sensor-fusion strategies may 
further enhance robustness. Multimodal fusion can help disentangle 
material-dependent melt-pool dynamics from machine-induced acoustic 
transfer characteristics, enabling more stable cross-platform represen
tations. These broader generalization scenarios, including multimodal 

Fig. 21. T-SNE projection of latent embeddings obtained from the fixed- 
scattering front-end under zero-shot transfer (D1 → D2), showing increased 
inter-class overlap compared to the learnable LWS configuration.
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fusion for cross-material and cross-machine transfer, remain important 
directions for future work.

7. Conclusion

This study introduced a physics-informed deep learning framework 
based on LWS for interpretable and transferable in-situ process moni
toring in LPBF. The proposed approach addresses one of the funda
mental challenges in additive manufacturing the limited generalization 
of data-driven monitoring models under domain drift arising from var
iations in material composition, process parameters, and sensor condi
tions. By integrating trainable Morlet filters with hierarchical 
time–frequency decomposition, the LWS front-end autonomously adapts 
its spectral representation to the acoustic characteristics of the melt-pool 
dynamics. The framework effectively captures the discriminative fre
quency structures corresponding to the LoF, conduction, and keyhole re
gimes, achieving high classification fidelity and smooth convergence 
across training and validation datasets. The spectral evolution analysis 
revealed that the learned filters self-organize toward frequency bands 
most responsive to melt-pool physics, while the model-level causal 
analysis established frequency-resolved interpretability identifying 
spectral regions that causally influence classification outcomes. These 
findings demonstrate that the LWS model does not operate as a black box 
but instead builds transparent relationships between learned represen
tations and the underlying physical processes. Crucially, the framework 
achieved zero-shot transfer across distinct powder distributions and 
process conditions without retraining, validating the domain invariance 
of the learned spectral embeddings. This capability confirms that the 
network encodes stable, process-driven acoustic features rather than 
dataset-specific noise, establishing a pathway toward generalizable, 
sensor-informed monitoring systems for industrial LPBF platforms. Key 
contributions of this work include: 

• A fully trainable LWS architecture featuring a Morlet wavelet bank 
that autonomously adapts its spectral filters to process-specific 
acoustic regimes, integrating feature extraction, latent embedding, 
and causal explainability into a unified, end-to-end framework that 
achieves high classification accuracy while maintaining strong 
interpretability of melt-pool states.

• A frequency-resolved attribution framework that quantitatively links 
specific spectral regions to distinct melting modes. The keyhole 
regime was predominantly concentrated in the lower-frequency 
band (<40 kHz), and a sensor bandwidth up to 40 kHz was found 
sufficient to distinguish among the three LPBF modes.

• Demonstration of strong cross-domain and zero-shot transferability, 
confirming that the learned embeddings remain robust, physically 
meaningful, and invariant under data drift. The physics-driven 
design of the LWS model renders it agnostic to transient variations, 
enabling generalization across different powder distributions and 
process conditions.

While the proposed framework demonstrates strong interpretability 
and transferability, several limitations remain. The current study 
focused exclusively on AE data, which, although informative, captures 
only one modality of the complex melt-pool dynamics. The dataset was 
also restricted to a specific machine and alloy system, and further vali
dation across multiple hardware configurations and process scales is 
required to confirm generalization. Future research will extend this 
framework toward multimodal sensor fusion, integrating acoustic, op
tical, and thermal signals to provide a holistic understanding of melt- 
pool dynamics. Additionally, coupling the LWS model with reinforce
ment learning and adaptive control strategies could enable real-time, 
closed-loop stabilization of the melting process. The incorporation of 
uncertainty quantification and physics-informed priors will further 
enhance reliability, paving the way for intelligent, self-calibrating 
monitoring systems in next-generation AM system. For those 

interested, the data and codes for this study can be accessed in the 
following repositories (https://gitlab.utu.fi/vpsora/additive-manufa 
cturing-learnable-explainable-wavelet-scattering.git).
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