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Abstract

Decoding composition-sensitive process signatures in Laser Powder Bed Fusion (PBF-LB) of multi-material structures
remains challenging due to the complex and transient nature of melt-pool emissions across spatially varying material
gradients. In this study, we propose a modality-aware learning framework that fuses acoustic emission (AE) and back-
reflected optical emission (OE) at the laser wavelength for spatiotemporally resolved classification of local composition
in graded 316L—CuCrZr alloys. The framework integrates learnable shapelet extraction with graph-based attention, where
shapelets act as interpretable descriptors of modality-specific temporal behavior and enable compact, discriminative repre-
sentation learning. The resulting dual-modality representations are organized as a temporal graph of signal segments, and a
Graph Attention Network (GAT) with modality-specific attention heads adaptively prioritizes sensor streams based on their
relevance to compositional variation. Across five Cu-containing concentrations (20%—-100 wt.%), the model achieved up
to 92% accuracy with only~4,000 trainable parameters. Beyond accuracy, the results show that sensor fusion is impera-
tive for multi-material PBF-LB, as no single modality consistently captures composition-dependent phenomena across
the CuCrZr gradient. The learned attention and saliency trends further reveal that OE becomes increasingly influential at
higher CuCrZr fractions, consistent with increased reflectivity at the laser wavelength. Overall, the proposed framework
establishes a compact and interpretable approach for decoding composition-dependent multimodal process signatures in
multi-material PBF-LB.

Keywords Laser powder bed fusion - Multi-material additive manufacturing - Multi-material process monitoring -
Acoustic emission - Optical emission - Graph networks

1 Introduction

Metal additive manufacturing (AM) has emerged as a trans-
formative manufacturing paradigm, enabling the direct fab-
rication of complex, high-performance components with
unprecedented geometric freedom and material efficiency
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by the challenges associated with part qualification and cer-
tification [8]. In many high-value industries, the stringent
performance and safety requirements demand exhaustive
post-process inspection, including Non-Destructive Evalu-
ation and mechanical testing, to ensure component integ-
rity [9]. These procedures are often time-consuming, costly,
and incompatible with the on-demand, agile manufacturing
workflows that AM is intended to enable [10, 11]. More-
over, the stochastic nature of melt pool dynamics, powder
spreading, and layer-to-layer thermal interactions introduces
variability that complicates process control and makes con-
ventional trial-and-error parameter tuning inefficient [12,
13]. A promising pathway to overcoming these barriers is
the integration of real-time process monitoring and control
into AM workflows [14]. By capturing high-fidelity, in-
situ sensor data during fabrication, it becomes possible to
detect process instabilities, identify defect precursors, and
infer material properties without reliance on exhaustive
downstream inspection [15, 16]. Such process-embedded
intelligence enables the development of closed-loop control
strategies, accelerates part qualification, and opens the door
to adaptive manufacturing, where process parameters can be
dynamically tuned in response to evolving build conditions
[17, 18]. This shift from post-build inspection to in-process
monitoring represents a critical step toward scalable, cost-
effective adoption of metal AM in safety—critical industries
[19].

Laser Powder Bed Fusion has established itself as a lead-
ing metal AM technique, capable of producing fully dense
metallic components with exceptional geometric accuracy
[20, 21]. The process employs a tightly focused laser to
selectively melt successive layers of metal powder, guided
directly by digital design data. This layer-wise fabrication
enables the creation of intricate features, internal channels,
and complex lattice architectures that are often impractical
or impossible to achieve using conventional manufacturing
methods. Laser Powder Bed Fusion routinely delivers near-
theoretical part densities, with mechanical properties compa-
rable to or exceeding those of wrought counterparts, making
it highly attractive for demanding applications [22]. Despite
these advantages, PBF-LB is inherently sensitive to fluctua-
tions in parameters such as laser power, scan speed, and layer
deposition quality, owing to the localized nature of the melt
pool and the rapid thermal cycles involved [23]. Slight per-
turbations in process conditions can result in defects includ-
ing porosity, lack of fusion, or residual stress accumulation.
Furthermore, as the build geometry evolves, variations in
feature dimensions and heat accumulation alter the local
thermal history, often necessitating dynamic adjustments
to processing parameters [24]. To address these challenges,
modern PBF-LB platforms integrate in-situ monitoring and
adaptive control capabilities, enabling real-time detection of
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process anomalies and on-the-fly optimization of scan strat-
egies. Continued progress in monitoring and closed-loop
control technologies will be pivotal to unlocking PBF-LB’s
full potential for delivering consistent, high-integrity, and
application-ready metal components [25]. To meet these
demands, modern PBF-LB platforms are increasingly out-
fitted with in-situ detectors that continuously monitor the
process zone, capturing digital information as the build pro-
gresses [26]. Depending on the sensing strategy, these sys-
tems may employ on-axis configurations, in which detectors
share the optical path with the processing laser to capture
signals such as optical back-reflection or photodiode-based
emissions, or off-axis configurations, where external sen-
sors including optical assemblies, cameras, or microphones
observe the melt pool and powder bed from fixed vantage
points [27-29]. Each approach offers distinct advantages:
on-axis detectors provide precise, direct measurements of
the laser—material interaction, while off-axis sensors enable
a wider spatial perspective of melt pool behavior and sur-
rounding powder dynamics [30, 31]. Increasingly, PBF-LB
systems combine multiple sensing channels such as optical,
acoustic, thermal, and even high-speed imaging—operating
in synchrony to deliver complementary and time-resolved
views of the transient, multi-physics phenomena that gov-
ern part quality [32]. This integrated, multi-sensor perspec-
tive forms the basis for advanced, real-time monitoring and
adaptive control strategies [33—35].

The integration of advanced sensor monitoring systems
into PBF-LB has substantially accelerated the adoption of
machine learning (ML) for in-situ process control and qual-
ity assurance [36]. Modern ML approaches—particularly
deep learning architectures such as Convolutional Neural
Networks (CNNs), Recurrent Neural Networks (RNNs),
and transformer-based models—Ileverage high-dimensional,
time-series data from optical, thermal, and acoustic sensors
to capture the complex, non-linear dynamics of the PBF-LB
process [37-39]. These models surpass traditional statistical
techniques (e.g., principal component analysis, handcrafted
feature extraction) by autonomously learning latent repre-
sentations of process anomalies, including keyhole poros-
ity, lack-of-fusion defects, and spatter-induced irregularities
[39, 40]. By analyzing spatially and temporally resolved
process signals such as melt pool emissions, plume spec-
troscopy, or layer-wise photodiode measurements—deep
learning models can identify subtle, transient deviations that
often precede defect formation [41, 42]. Supervised learning
frameworks, when trained on synchronized in-situ monitor-
ing data and ex-situ characterization (e.g., X-ray CT, SEM),
enable real-time defect classification, while unsupervised
methods (e.g., autoencoders, variational inference) detect
previously unseen process anomalies without the need for
labeled datasets [43—45]. Reinforcement learning (RL)
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extends these capabilities by dynamically adjusting pro-
cessing parameters (e.g., laser power, scan speed) through
closed-loop control, adapting to evolving process condi-
tions [46, 47]. The synergy between multi-sensor fusion and
advanced ML not only enhances process stability but also
moves PBF-LB closer to fully autonomous systems capable
of self-optimization and real-time quality certification [48].
Graph-based studies further show that PBF-LB monitoring
can benefit from embedding spatial and physical process pri-
ors into the learning architecture, with physically informed
Graph Neural Networks (GNNs) improving acoustic defect
classification over conventional CNNs and time-correlation
graph structures [49]. Recent physics-informed and phys-
ics-guided ML studies also show that manufacturing mod-
els benefit from embedding process-relevant descriptors and
physical interpretation into data-driven learning, rather than
relying on black-box prediction alone [50-52]. While deep
learning models have demonstrated strong performance in
PBF-LB process monitoring, their deployment in real-time
manufacturing environments presents additional challenges.
Many state-of-the-art architectures achieve high accuracy at
the expense of large parameter counts and substantial com-
putational requirements, which can hinder implementation
in edge-computing or resource-constrained settings typical
of industrial PBF-LB machines. High model complexity
increases inference latency, demands greater memory band-
width, and can complicate integration with existing machine
controllers. Consequently, there remains a critical need for
lightweight architectures that retain predictive accuracy
while minimizing computational overhead. Addressing this
trade-off between model performance and computational
efficiency is essential for advancing practical, in-situ ML
solutions in PBF-LB.

The push toward newer material compositions in PBF-
LB—particularly multi-material and compositionally
graded structures—further amplifies the need for robust
process monitoring strategies. In high-value engineering
sectors, the ability to integrate disparate material proper-
ties within a single component enables unprecedented
functionality for thermal management, wear resistance,
and structural optimization [53-56]. The steel-Cu multi-
material system, for example, is of considerable industrial
interest due to its combination of mechanical strength,
oxidation-corrosion resistance (stainless steel), and high
thermal-electrical conductivity (Cu and its alloys), making
it attractive for applications such as heat exchangers, mold
tooling, and multifunctional structural components [57-59].
Laser processing of steel-copper multi-material structures
presents significant challenges due to the stark contrast in
their thermophysical properties (melting point, coefficient
of thermal expansion and thermal conductivity). This mis-
match, together with the complex thermal cycles of PBF-LB

processing, leads to the formation of residual stresses and
promotes liquid metal penetration cracking, wherein mol-
ten copper penetrates austenitic steel grain boundaries and
disrupt their coherency [60]. Fe-Cu phase diagram presents
a miscibility gap, leading to the separation of the initially
homogeneous liquid into two separate liquids (one Fe-rich
and one Cu-rich) upon solidification [61]. Furthermore, the
high reflectivity of copper and its alloys at the near-infrared
wavelengths (700-2500 nm) typically used in conventional
PBF-LB systems reduces laser absorption, exacerbating
porosity and compromising build quality. Powder blending
and the use of advanced feeding systems—such as multi-
nozzle or multi-hopper setups and double coaters [62]—
have shifted the focus of additive manufacturing research
toward the development of functionally graded structures
(FGSs). In these systems, the transition between dissimilar
alloys is achieved through multiple intermediate composi-
tions. This strategy aims to mitigate cracking phenomena at
material interfaces, either by introducing filler alloys with
high mutual miscibility (e.g., using Ni and its alloys as inter-
layers between steel and copper alloys [63]) or by employ-
ing carefully selected compositional gradients. Beese et
al. [64] investigated the fabrication of Ti-6Al-4V/316L
stainless steel graded structures using intermediate V-rich
compositions, demonstrating that properly designed compo-
sitional steps can prevent the formation of brittle intermetal-
lic phases. Beyond suppressing cracking, the use of tailored
interlayers also serves as an engineering tool for microstruc-
tural control and texture manipulation. In a previous study
[65], the authors examined the 316L—CuCrZr system in the
form of functionally graded materials. It was shown that
intermediate compositions containing 1040 wt.% CuCrZr
led to pronounced texture development along the build
direction, while compositions between 40 and 90 wt.%
CuCrZr promoted grain refinement and ferrite formation.
Despite recent advances, process monitoring for multi-
material PBF-LB, particularly in systems combining alloys
with markedly different physical properties, remains in its
infancy. Variations in melting point, thermal conductivity,
and optical absorptivity within a single build can signifi-
cantly influence melt pool dynamics, drive compositional
segregation, trigger phase incompatibilities, and introduce
defect modes such as cracking or porosity that manifest
unevenly across graded regions [66]. These challenges
highlight the need for richer sensorization strategies that
can capture a broader spectrum of process emissions with
higher fidelity. In such scenarios, reliance on a single sens-
ing modality is insufficient; integrating complementary opti-
cal, acoustic, and thermal data streams is essential to fully
capture process variability and material behavior. Address-
ing this gap, our previous work showed that temporally
aligned AE and OE signals can be fused using CNN-based
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contrastive learning to discriminate nominal 316L—CuCrZr
compositional transitions in multi-material PBF-LB [67].
However, that study was primarily fusion-centric, demon-
strating composition separability in a latent feature space
rather than identifying how each sensing modality con-
tributes to the decision. The present work is motivated
by a different objective: establishing modality dominance
and sensor ranking for composition-sensitive monitoring,
which is essential for optimizing sensor configurations in
practical and resource-constrained PBF-LB environments.
In this context, sensor fusion is not merely beneficial but
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imperative, since no single modality consistently captures
composition-dependent process signatures across graded
regions. To move beyond fusion accuracy alone, the pro-
posed framework replaces CNN-based contrastive embed-
ding with learnable channel-wise shapelets and Graph
Attention Network (GAT)-based temporal reasoning. This
enables explicit analysis of modality saliency, shapelet acti-
vation, node-wise importance, and latent-space continuity,
thereby converting multimodal fusion from a black-box
classification strategy into an interpretable sensor-ranking
and process-signature decoding framework Figs. 1, 2, 3, 4.
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Central to the proposed approach is a modality-aware,
lightweight ML framework that fuses AE and back-reflected
OE at the laser wavelength to classify composition-depen-
dent process signatures in multi-material PBF-LB (316L—
CuCrZr), combining learnable shapelets (explainable,
temporally localized features) with GAT to capture both
local and long-range temporal dependencies. This design
enables the model to identify modality-specific signatures
of compositional variation while maintaining a compact

architecture 0of~4,000 trainable parameters. This com-
pact parameter footprint motivates future evaluation for
resource-constrained monitoring scenarios. By combining
physical interpretability, multi-sensor fusion, and archi-
tectural efficiency, the proposed Shapelet-GAT framework
offers a scalable pathway toward physics-informed, in-situ
monitoring and adaptive control in complex, multi-mate-
rial PBF-LB systems. The remainder of this manuscript is
structured as follows: Sect. 1 provides an overview of the
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multi-material PBF-LB process, emphasizing its relevance
for fabricating compositionally graded alloys and the neces-
sity of high-fidelity, real-time process monitoring. Section 2
details the proposed methodology, including the formula-
tion of the graph-based learning framework, the design of
the learnable shapelet extraction module, and the integration
of attention-driven classification mechanisms. Section 3
describes the experimental platform, sensor configuration,
and synchronized data acquisition pipeline. Section 4 pres-
ents the exploratory data analysis, incorporating the prelimi-
nary statistical characterization of the dual-modality signals
and identifying composition-dependent temporal and spec-
tral signatures in acoustic and optical emissions. Section 5
introduces the Shapelet— GAT architecture, encompassing
input representation, channel-wise shapelet encoding, and
attention-based message-passing mechanisms for temporal
graph learning. Section 6 reports and interprets the multi-
material composition-monitoring results, supported by
quantitative performance metrics and interpretability analy-
ses. Finally, Sect. 7 concludes the study by summarizing the
principal findings and outlining future research directions.

2 Methodology
2.1 Graph neural network

Graph Neural Networks offer a powerful and principled
framework for modeling complex dependencies in data rep-
resented as graphs. They are particularly effective in captur-
ing structured relationships in time-series data, especially
in situations where traditional sequential models fall short
in representing long-range dependencies or multi-context
interactions or sensing modalities. Rather than treating
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time-series as flat sequences, GNNs reinterpret the data as a
graph in which each node corresponds to a meaningful seg-
ment of the signal such as a fixed-size temporal window, a
feature embedding, or a latent representation extracted from
an encoder. Edges connect nodes that share relevant rela-
tionships, which may be defined based on temporal prox-
imity, similarity in feature space, co-occurrence patterns, or
learned dependencies. These edges may reflect direct signal
transitions, correlation strength, or domain knowledge. This
graph-based view allows the model to reason about interac-
tions not only between adjacent segments but also across
non-local or contextually linked regions of the signal.

Within a GNN, each node's representation is updated by
aggregating information from its neighbors, encoding both
structural and feature-level information. This mechanism
makes GNNs highly effective for tasks requiring relational
context, such as time-series fusion, structural pattern analy-
sis, or dynamic behavior modeling. In GNNs, each node’s
representation is iteratively updated by aggregating features
from its neighbors. This process encodes both local struc-
ture and node-specific attributes, making GNNs particularly
suitable for tasks involving relational or spatial context—
such as time-series fusion, temporal waveform analysis,
or sensor-based monitoring. Formally, let G = (V,£) be a
graph with node set V, edge set £, and initial node features
hEP) € R? for each node v € V. GNNs operate by iteratively
updating node representations through a message passing
mechanism: each node aggregates information from its
neighbors, incorporating both its own features and those of
structurally relevant peers. This process is mathematically
described as:

R — (W(” - AGG® ({hﬁ,,” ln €N (v)U {“}}>) (1)
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Here, hg,l) denotes the feature embedding of node v at layer
1, N () is the set of neighboring nodes, AGGVe is a per-
mutation-invariant aggregation function such as sum, mean,
or attention, W) is a learnable weight matrix, and o(e) is a
non-linear activation function.

When attention mechanisms are employed such as in
GATs, the aggregation is weighted by the learned impor-
tance of each neighbor, allowing the model to emphasize the
most informative connections. This makes GNNs particu-
larly well-suited for time-series applications where patterns
may span variable lengths, exhibit complex dependencies,
or occur across irregular temporal intervals. The recursive
aggregation mechanism ensures that each node’s embedding
captures higher-order structural information across multiple
layers. In tasks involving multimodal signals or segmented
temporal data, each node may represent a localized signal
snapshot, while the edges capture similarity, correlation, or
transition dynamics.

2.2 Shapelets for time-series

In sensor-based time-series analysis encompassing appli-
cations such as structural vibration monitoring, AE diag-
nostics, photonic signal interrogation, and physiological
biosignal processing, the recorded signals often contain
class-discriminative patterns that are temporally local-
ized and embedded within noise-prone, non-stationary
sequences. Conventional methods relying on global statis-
tical descriptors, spectral decompositions (e.g., Fourier or
wavelet transforms), or time-averaged features may fail to
capture subtle, transient motifs that are critical for identi-
fying specific operational states, fault signatures, or physi-
ological anomalies. To address these limitations, shapelets
have been proposed as short, discriminative subsequences
that optimally differentiate between classes. By focusing
on localized temporal structures, shapelet-based methods
offer a principled and interpretable framework for fine-
grained classification and pattern discovery in sensor-rich
environments.

Formally, a shapelet s € R’ is a local template of length
L that captures recurring and class-relevant patterns within
a longer time-series € R” where typically 7' > L. These
motifs may represent localized phenomena such as transient
sensor activations, microstructural deformation responses,
or modality-specific signal bursts, which may vary in dura-
tion, phase, or amplitude across different mechanisms. To
quantify the similarity between a shapelet s and a sensor
signal z, we compute the minimum z— normalized squared
Euclidean distance between the shapelet and all contiguous
subsequences of the signal.

1 -~ 2
|

D (z,s) = z||33t:t+L—1 -

= min
t e{1,...,T—L+1}

@)

where Zy.41 11 denotes the z— normalized version of the
windowed segment of the signal starting at index ¢, and s is
the unnormalized shapelet. This formulation ensures robust-
ness to variations in signal baseline and amplitude while
preserving the original form of the learned shapelet, thereby
supporting both discriminative performance and interpret-
ability. Recent advances have extended this formulation by
making shapelets learnable parameters within an end-to-
end optimization framework. In these models, shapelets are
initialized randomly or heuristically, and are subsequently
optimized using gradient-based learning to minimize a task-
specific objective, such as cross-entropy for classification.

3 Methodology

The graph-based learning methodology is proposed for
classifying synchronized dual-channel time-series originat-
ing from two different sensing modalities: AE and OE’s in
the range of laser wavelength. The method involves three
main stages: temporal graph construction, shapelet-based
feature extraction, and graph-based classification. Initially,
each time-series signal is normalized to zero mean and
unit variance to ensure numerical stability. The standard-
ized signal is segmented into overlapping windows using
a fixed-size sliding window; each segment is treated as a
graph node. Temporal continuity is maintained by connect-
ing adjacent windows with bidirectional edges, forming
a graph that captures local temporal dependencies. In the
second stage, the model learns channel-specific shapelets
that encode discriminative local patterns. A fixed set of
shapelets is optimized per modality, capturing characteristic
waveform features relevant to the task. For each node, the
shapelet module computes the minimum distance between
every shapelet and all possible subsequences within the win-
dow. These distances are concatenated to form a compact,
interpretable node representation that replaces the original
input, enriching the graph with modality-aware features.
In the final stage, shapelet-encoded graphs are processed
by a stack of GAT layers to model temporal dependencies
and enrich node-level representations. The initial layers
employ multi-head attention to enhance training stability
and capture diverse contextual interactions among neigh-
boring nodes. Attention scores are computed across edges,
allowing the model to adaptively weigh contributions from
adjacent time segments based on their contextual relevance.
Each GAT layer is followed by batch normalization, non-
linear activation, and dropout to improve generalization and
mitigate overfitting Fig. 5.
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Following attention-based message passing, the refined
node embeddings are aggregated using mean pooling to
obtain a graph-level representation that captures both local-
ized waveform characteristics and higher-order temporal
structure. This global embedding is then passed through a
downstream classification head to generate the final pre-
diction. The architecture supports unified training, with
shapelet parameters and GAT weights optimized cohesively
through a single training loop. Additionally, the shapelet
module enables per-channel attribution, facilitating inter-
pretation of modality-specific contributions (e.g., AE vs.
OE) through selective masking or distance-based relevance
analysis.

Figure 4 illustrates the Shapelet-GAT pipeline. Standard-
ized dual-channel signals are segmented into overlapping
windows, each forming a node in a temporal graph with
bidirectional edges. Shapelet distances are computed per
node to generate compact features that replace raw inputs.
The resulting graph is processed by stacked GAT layers for
attention-based information propagation. A global embed-
ding is obtained via mean pooling and passed to a classifier
for final prediction. The entire model is trained end-to-end
using cross-entropy loss and Adam optimizer, with valida-
tion accuracy guiding selection.

3.1 Experimental setup, materials, data acquisition
and methodology

3.1.1 Experimental setup and materials
To enable high-resolution in-situ diagnostics of the PBF-LB

process, a synchronized multi-sensor monitoring frame-
work was implemented, combining OE and AE sensing.
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This multi-modal system was designed to temporally cor-
relate photonic and phononic signatures of dynamic process
events with microsecond-level precision. Optical emissions
from the laser—material interaction zone were collected
using a fixed-focus F§10APC-1064 collimator (Thorlabs),
aligned for direct melt pool observation. The optics employ
a narrowband AR coating centered at the 1064 nm band,
providing high transmission and sensitivity to back-reflected
laser radiation from the process zone. The optical signal
was routed through a 25:75 multimode fiber coupler, where
25% of the signal was directed to a PDA20CS2 photodiode
(800—1700 nm) and amplified to a saturation level of +5 V,
enabling it to serve as a robust trigger signal. The remain-
ing 75% of the signal was directed to a second PDA20CS2
for continuous intensity quantification, allowing dynamic
tracking of process-zone radiative emissions. Owing to
the fixed-focus F§10APC-1064 collimator, the photodiode
readings are primarily sensitive to the wavelength band
transmitted through its 1064 nm-optimized optics, enhanc-
ing responsiveness to OE near the laser wavelength. Simul-
taneously, process-induced acoustic activity was captured
using a CM16/CMPA broadband airborne AE sensor (Avi-
soft Bioacoustics), with a flat frequency response spanning
2—-150 kHz. The sensor was positioned to maximize sensi-
tivity to airborne acoustic transients associated with spatter
events, melt pool instabilities, and subsurface defect forma-
tion. All sensor signals were digitized using an Advantech
PClIe-1840 data acquisition card, operating at a 400 kHz
sampling rate and+5 V dynamic input range, ensuring com-
pliance with the Nyquist criterion for full AE bandwidth.
A threshold-based triggering mechanism initiated synchro-
nized acquisition when the optical trigger signal exceeded
0.5 V, producing characteristic square-wave signals (>5 V)
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Table 1 Chemical composition of the 316L powder feedstock provided
by Oerlikon

Weight percent (nominal)
Fe Cr Ni Mo C Other
Balance 18 12 3 <0.03 <1.0

Table 2 Chemical composition of the CuCrZr powder feedstock pro-
vided by Eckart

Weight percent (nominal)
Cu Cr Zr Fe Si
Balance 0.96 0.12 0.021 <0.004

that precisely demarcated the temporal window of each
scan track. The system was deployed on a SISMA MySint
100 PBF-LB machine, equipped with a 1070 nm fiber laser,
55 pm laser beam focal point diameter, and maximum out-
put power of 200 W, operating in an argon-purged chamber
at atmospheric pressure. Additional implementation details
of the experimental rig (e.g., mounting geometry, optical
routing, and synchronization circuitry) are reported in our
prior work [67]; here we summarize only the elements nec-
essary for the present study.

This study systematically investigated the fabrication
of functionally graded steel-copper structures via PBF-LB
using gas-atomized 316L stainless steel powder provided by
Oerlikon Metco (composition given in Table 1) and Cu-1Cr-
0.3Zr (wt.-%), hereafter referred to as CuCrZr, alloy powder
provided by Eckart GmbH (composition given in Table 2).
Overall 6 distinct compositions have been used: pure 316L
stainless steel, pure CuCrZr and 4 316L-CuCrZr mixtures
(80:20, 60:40, 40:60, 20:80 316L:CuCrZr wt.%). For pre-
mixing the powders, a Turbula dry powder blender has been
used, operated for 1h at 46 rpm, in order to homogenise 200
gr of each premixture separately.

The 316L-CuCrZr multi-material sample was built in the
form of a functionally graded structure. The first 50 layers
of the structure were composed of pure 316L stainless steel
powder. The next 50 layers (51-100) were built using the 20
wt.% CuCrZr powder, succeeded by the 40 wt.% CuCrZr
powder (101-150 layers).The process was repeated with
gradually increasing the CuCrZr content by 20 wt.% for
every new 50 layers, until pure CuCrZr was reached, result-
ing in a final structure with a total size of 1% 1x0.85 cm3.
Two laser parameter sets were utilized: a 316L-optimized

condition with a laser power of 125 W, scan speed of 750
mm/s, and layer thickness of 20 um was used for the pure
stainless steel builds; meanwhile, a unified set of param-
eters with 200 W power, 600 mm/s scan speed, and a 30
um layer thickness was applied to all Cu-containing premix-
tures. The selected parameter set yielded a constant volu-
metric energy density (VED) of 123 J/mm3. This VED was
fixed for all steel-copper compositions to isolate the influ-
ence of alloy composition, eliminating confounding effects
from variations in processing parameters. Maintaining a
uniform energy input ensured that differences in melt pool
dynamics, defect formation, and emission signatures could
be directly attributed to compositional changes rather than
thermal input. This consistency was essential for establish-
ing a reliable correlation between in-situ sensor responses
and material composition, forming the basis for the multi-
modal learning framework proposed in this study. The pro-
cess parameters have been summarized in Table 3.

Inert argon atmosphere (100 ppm oxygen content) is
used upon printing to minimize oxidation. To prevent cross-
contamination, the PBF-LB system was thoroughly cleaned
following the fabrication of each composition, and the appro-
priate premixture was freshly loaded into the powder supply
unit. Since SiISMA MySINT 100 PBF-LB is equipped with
a single powder feeder, the powder replacement has been
done manually. After printing, the specimen was removed
from the build plate and cut into two vertical cross sections
using Electrical Discharge Machining (EDM) to preserve
structural integrity and avoid introducing mechanical arti-
facts. Post-process specimen removal was followed by stan-
dard metallographic preparation, including grinding with
SiC abrasive papers from 600 up to 4000 grit. Subsequently,
for polishing diamond suspensions of 3 um and 1 pm have
been used, followed by final polishing through vibratory
polishing with a 0.05 pm alumina suspension for 10 h. In
order to reveal the melt-pool formation, cross sections were
etched, using 1.5% Nital etch agent. For microscopy analy-
sis, a TESCAN MIRA 3 field emission gun scanning elec-
tron microscope (FEG SEM) was employed.

Table 3 PBF-LB process
parameters on building the cubic

structure

Laser power Scanspeed  Hatch dis- Layer thick- Label

(W) (mm/s) tance (um) ness (um)
316L wt.% 125 750 80 20 100%-316L
80-20 316L-CuCrZr wt.% 200 600 90 30 20%-Cu
60—40 316L-CuCrZr wt.% 200 600 90 30 40%-Cu
40-60 316L-CuCrZr wt.% 200 600 90 30 60%-Cu
20-80 316L-CuCrZr wt.% 200 600 90 30 80%-Cu
CuCrZr wt.% 200 600 90 30 100%-Cu
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3.1.2 Sample characterization

Micrographs of the samples with different compositional
gradients are presented in Fig. 6. For the 316L part, dense
microstructures without cracks and only a few pores are
observed. This is expected, as 316L is known for its excellent
processability in PBF-LB. In contrast, pronounced cracking
is observed in the 20 wt.% and 40 wt.% CuCrZr mixtures,
whereas the 60 wt.% and 80 wt.% CuCrZr mixtures remain
crack-free. Pure CuCrZr layers are again free of solidifi-
cation cracks; however, they show a significant number
of lack-of-fusion defects. Overall, the amount of porosity
increases with higher CuCrZr content. The observed evolu-
tion of cracking and porosity with CuCrZr fraction follows
trends reported in our previous publication [65]; the present
work leverages these known material states to investigate
their signatures in in-situ monitoring data.

Increasing CuCrZr content leads to a progressive reduc-
tion in melt pool depth. In Fig. 7, the melt pool boundar-
ies for 20, 40, 60, and 80 wt.% CuCrZr are marked with
black arrows. At 20 and 40 wt.% CuCrZr, the melt pools
are relatively deep, with depths of~108 pm and~64 um,
respectively, and the width-to-depth ratio indicates process-
ing in the keyhole or transition mode. With higher CuCrZr

SEM HV: 20.0 KV
View field: 138 pm | SEMMAG:1.01kx | 20 ym
Est. Beam: 263.9 pA Det: BSE EMPA Thun

WD: 14.79 mm MIRA3 TESCAN SEM HV: 20.0 KV
View field: 134 ym | SEMMAG:1.03kx | 20 pym

Est. Beam: 263.9 pA Det: BSE

WD: 14.73 mm

SEM HV: 20.0 kV
View field: 135ym | SEMMAG:1.03kx | 20 ym
Est. Beam: 263.9 pA Det: BSE

SEM HV: 20.0 KV WD: 14.95 mm
View fieid: 83.0 pm | SEMMAG: 1.67 kx | 20 pm
Est. Beam: 263.9 pA Det: BSE EMPA Thun

Fig. 6 Micrographs of the different compositions of the structure
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contents, a transition to conduction mode is observed, as the
melt pool depth decreases to~40 pum at 60 wt.% and~34
pum at 80 wt.% CuCrZr. This trend is attributed to the higher
reflectivity and thermal conductivity of Cu, which reduce
melt pool stability and promote rapid solidification. In the
20 and 40 wt.% CuCrZr samples, large cracks aligned par-
allel to the build direction along the melt pool center, as
well as smaller, irregular cracks, can be observed. These
compositions also show a pronounced <100>texture along
the build direction, whereas the 60 and 80 wt.% mixtures
exhibit an almost random texture. As reported previously
[65], the reduction in melt pool depth correlates with the
weakening of texture intensity.

The large cracks observed are likely solidification cracks,
caused by CuCrZr forming liquid films ahead of the already
solidified 316L. The occurrence of smaller cracks, and their
disappearance at higher CuCrZr fractions, is consistent
with previous studies on 316L—CuCrZr functionally graded
structures, which identified ~50 wt.% CuCrZr as the thresh-
old beyond which micro-cracking is suppressed. This transi-
tion to crack-free microstructures is attributed to a change in
the solidification sequence in CuCrZr-rich mixtures (50-90
wt.% CuCrZr), driven by the miscibility gap that produces
two immiscible liquid phases: an Fe—Ni—Cr-rich liquid and

SEM HV: 20.0 kV
View field: 138 ym | SEMMAG:1.00kx | 20 pm
EMPA Thun Est. Beam: 263.9 pA Det: BSE EMPA Thun

MIRA3 TESCAN WD: 14.87 mm MIRA3 TESCAN|

MIRA3 TESCAN SEM HV: 20.0 KV

WD: 1513 mm MIRA3 TESCAN
View field: 68.5um | SEMMAG:2.02kx | 20 ym
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Fig. 7 Melt pool morphologies for different mixtures across the building direction

a Cu-rich liquid. The phase separation is accompanied by
diffusion of 316L alloying elements—particularly Ni—
which alters the primary solidification path, leading to the
formation of BCC ferrite alongside FCC austenite [65]. The
presence of a-ferrite improves grain boundary cohesion and
reduces Cu wettability compared to y-austenite, thereby
suppressing intergranular Cu infiltration and mitigating
crack formation.

Thus, despite changes in thermal input and melt pool
geometry with increasing CuCrZr content, the observed
transition from crack-susceptible to crack-resistant
behavior above~60 wt.% CuCrZr is assumed to be

composition-driven. A more detailed analysis of the under-
lying cracking mechanisms, however, lies beyond the scope
of this study.

In addition to the observed transition from crack-sus-
ceptible to crack-resistant behavior with increasing CuCrZr
content, variations in melt pool depth and morphology
across the compositional gradient are also expected to influ-
ence the process monitoring signals. Shallower melt pools
in CuCrZr-rich regions alter melt pool dynamics and solidi-
fication rates, which in turn affect the frequency spectrum
and amplitude of process-generated acoustic waves. At the
same time, the higher reflectivity and modified absorptivity
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of Cu-rich compositions change the spatial and tempo-
ral distribution of OE’s from the process zone. Captured
simultaneously, these multimodal process signatures pro-
vide indirect yet highly sensitive indicators of the under-
lying composition, enabling a reliable distinction between
CuCrZr-rich and 316L-rich regions. This motivates the use
of multimodal AE and OE signals for composition-sensitive
monitoring in multi-material PBF-LB. In this study, the
analysis is limited to distinguishing the planned nominal
composition regions. Detecting unintended composition
drift or off-nominal deviations requires future validation
with deliberately introduced composition changes.

3.2 Data acquisition pipeline and dataset

During the layer-by-layer fabrication of the composition-
ally graded cube, OE’s from the laser—powder interaction
zone consistently exceeded the 0.5 V threshold on Channel
1 (PDA20CS2 photodiode) at the initiation of each layer,
thereby triggering synchronous data acquisition across both
OE (Channel 2) and AE (Channel 3, CM16/CMPA sensor)
channels. The photodiode gain was dynamically adjusted
in real time to maintain a saturation voltage of 5 V (£0.1
V) throughout the scanning process, ensuring high-fidelity
temporal synchronization between the plasma emission
intensity (captured from the 75% split of the 1070 nm opti-
cal signal) and stress wave activity (recorded in the 0—150
kHz range). The acquired signals were segmented into 12.5
ms time windows, corresponding to 5000 data points per
window based on the 400 kHz sampling rate. Each segment
was mapped to a distinct scan track, enabling localized,
time-resolved analysis. Acoustic emission signals were
post-processed using a fourth-order Butterworth low-pass
filter with a cutoff frequency of 150 kHz, selected to align
with the sensor’s frequency response and suppress out-of-
band noise. This filtering protocol was applied uniformly
across all five powder compositions to ensure consistency
and comparability. This synchronized multi-sensor frame-
work yielded temporally correlated optical-AE datasets
(summarized in Table 4), enabling direct, layer-specific
comparisons of key process signatures. These included
plasma emission fluctuations (OE) and melt pool instability
frequencies (AE), captured at identical temporal resolutions.
The resulting data structure provides a robust platform for

Table 4 The total number of 12.5 ms (5000 data points) AE and optical
windows that were extracted during the fabrication of the cube [67]

Category Windows per AE and OE channel
20%-Cu 5448
40%-Cu 6205
60%-Cu 5457
80%-Cu 5457
100%-Cu 5457
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investigating composition-dependent process anomalies in
multi-material PBF-LB, facilitating quantitative compari-
sons of thermal and mechanical transients associated with
each powder blend.

The class labels used in this study correspond to the
nominal powder composition assigned to each graded
region of the build. Therefore, the classification task evalu-
ates whether the synchronized AE and OE windows carry
discriminative signatures associated with these known
composition classes. The present dataset does not contain
independent chemical measurements for each individual
scan track, nor does it include intentionally generated off-
nominal composition deviations.

3.2.1 Exploratory data analysis

To investigate temporal trends and emission characteris-
tics, representative raw time-series signals were plotted
for both acoustic and optical modalities across five copper
compositions: 20%, 40%, 60%, 80%, and 100% (Fig. 8).
The acoustic signals predominantly exhibited oscillatory,
noise-like behavior with fluctuating amplitudes, reflecting
the complex, broadband nature of stress-wave emissions
during laser-material interaction. In contrast, the OE sig-
nals displayed distinct transients and bursts, particularly
pronounced in higher copper compositions. Notably, in the
100%-Cu condition, the OE signal exhibited sharp, high-
amplitude peaks, indicating abrupt changes in reflectivity or
energy coupling at the interaction zone.

3.3 AE signal processing

The frequency characteristics of the AE signals were further
examined by computing the Fast Fourier Transform (FFT)
via Welch’s method to estimate the power spectral density
(PSD) (Fig. 9). This frequency-domain analysis revealed a
progressive shift in energy distribution as a function of cop-
per content. As illustrated in Fig. 9, the dominant spectral
content for all compositions is concentrated below 100 kHz,
underscoring this range as the principal bandwidth for cap-
turing AE phenomena during processing. Lower Cu com-
positions (20%—40%) exhibited a broader spectral spread,
with significant energy extending up to 100 kHz at higher
frequencies. In contrast, higher Cu compositions (80%—
100%) displayed a marked concentration of energy in the
lower frequency bands (<60 kHz), accompanied by a pro-
nounced attenuation in the higher frequency range. Notably,
the 100%-Cu samples exhibited a substantial reduction in
peak spectral energy compared to other compositions. This
attenuation is plausibly attributed to copper’s unique opti-
cal and thermophysical properties, which influence melt
pool dynamics and, in turn, the generation of AE’s. These
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Fig. 8 Temporal profiles of AE (left) and back-reflected OE (right) for five Cu compositions (20%—100%)
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Fig.9 Composition-dependent spectral signatures in AE signals across varying copper compositions in 316L-CuCrZr alloys

composition-dependent spectral variations likely stem from
differences in energy dissipation mechanisms, acoustic
wave propagation, and melt-solid coupling, all of which
are inherently governed by the copper content in the alloy
system.

To establish a preliminary understanding of how varia-
tions in powder composition affect the optical intensity,
particularly in the spectral bands associated with the laser
wavelength and its interaction zone, a frequency-domain
analysis was performed on the OE. Each 12.5-ms time
window was transformed to the frequency domain, and the
normalised spectral energy was computed across discrete
20-kHz bands spanning the 0-180 kHz range (Fig. 10).
This enabled a localised assessment of the spectral response
for each compositional regime. The resulting spectral
energy profiles revealed composition-dependent frequency
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localisation patterns. For example, the 100%-Cu samples
exhibited dominant energy in the 20-40 kHz and 40—60 kHz
bands, whereas mid-range compositions such as 60%-Cu
demonstrated a broader and more balanced energy distribu-
tion across multiple bands. Additionally, Fig. 10 highlights
regions of substantial spectral overlap among adjacent com-
positions, while also revealing a gradual increase in the
mean normalised energy with increasing copper content.
This upward trend is consistent with the high reflectivity
and thermal conductivity of pure copper, which amplifies
the optical return signal under laser excitation. These find-
ings not only reinforce the influence of material properties
on OE behaviour but also support the feasibility of using
frequency-domain features for compositional classification
and process state inference.
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Fig. 10 Bar chart showing normalized spectral energy of back-reflected OE across nine frequency bands (0—180 kHz), grouped by Cu composition

Overall, the exploratory analysis highlights distinct tem-
poral and spectral signatures associated with compositional
variations in the 316L— CuCrZr system. These insights not
only underscore the relevance of frequency-domain features
in capturing material-dependent emission characteristics
but also motivate the development of data-driven models
capable of learning localised, modality-specific patterns for
robust process monitoring and compositional classification.

4 Graph architecture
4.1 Input representation

This work proposes a graph-based learning pipeline that
integrates learnable shapelet extraction with a GAT to clas-
sify multivariate time-series data originating from two syn-
chronized sensing modalities: AE and OE (back reflection at
laser wavelength), denoted as channels ¢ € {1,2}. The pipe-
line begins by converting each raw time series into a sliding
window graph, where the temporal structure of the signal is
captured through overlapping segments. Prior to segmen-
tation, each raw signal x. (t) is standardized to have zero
mean and unit variance, ensuring numerical stability and
facilitating the joint optimization of both shapelet and atten-
tion parameters. The two-channel time series of length NV is
divided into overlapping windows of fixed size W = 500

with stride S = 250 resulting in M segments. Each becomes
a graph node with an associated tensor x; € R?*"W | retain-
ing the waveform identity of both sensing channels. Next,
the model learns channel-specific shapelets to extract dis-
criminative local patterns from these windowed segments,
effectively transforming raw signal windows into a more
expressive latent space. Unlike traditional temporal graphs
that only connect sequential windows, this work models
each signal instance as a fully connected graph G = (V, &),
where each node corresponds to a specific time window and
the edge set £ includes all possible directed edges between
node pairs:

E={6,j)li#34i,j=1,..., M} 3)

This fully connected structure allows global message pass-
ing, where each node attends to all other temporal segments.
Such connectivity supports the modeling of long-range tem-
poral dependencies and global contextual patterns across
the multivariate signal. The final stage involves aggregating
node-level features using stacked GAT layers to compute a
graph-level embedding for classification. This enables the
model to leverage both local waveform features and global
temporal context across both sensor channels.

Figure 11 illustrates the structure of the fully connected
temporal graph. Each node represents a specific time win-
dow with features derived from both acoustic and optical

@ Springer



Progress in Additive Manufacturing

Fully connected graph

t=0At t=1At t=2At t=3At t=4At t=5At t=6At t=7At
to to to to to to to
t=1At t=2At t=3At t=4At t=5At t=7At t=8At
Node 1 Node 2 Node 3 Node 4 Node 5 Node 6 Node 7 Node 8
Temporal Progression —
Node 6

t=5At to t=6At

Node 1
t=0At to t=1At

From Node 1

From Node 2

From Node 3

From Node 4

From Node 5

From Node 6

From Node 7

From Node 8
Acoustic (Chl)

Back reflection (Ch2)

s [ L1011

Fig. 11 Fully connected sliding window graph with multi-modal node features on eight nodes as sample illustration

channels. Directed edges between all node pairs enable
comprehensive information flow across time, supporting
rich cross-temporal interactions essential for effective atten-
tion-based modeling.

4.2 Learnable, channel-wise shapelet extraction

To extract discriminative temporal features from each sens-
ing modality, we employ a learnable, channel-wise shape-
let extraction mechanism applied individually to each node
in the temporal graph. A total of 20 shapelets are jointly
optimized during training, with 10 shapelets allocated per
modality, AE and OE. Each shapelet is a short, fixed-length
vector s,(f) € RL, where L = 50 defines the temporal reso-
lution, k € {1,....,10} indexes the shapelet within chan-
nel ¢ € {1,2}. These shapelets are designed to capture
class-discriminative waveform structures within localized
temporal contexts. For each node x; € R?*W | which rep-
resents a dual-channel time window of size W = 500, the
model computes the minimum squared Euclidean distance
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between every shapelet and all possible subsequences of
length L within the corresponding channel. This operation
is defined as:

d(C) —

; O PO
ik = minflz [Tt L] = s “4)

Tel),W—LJ

where dic,i denotes the best-matching distance between the &

-th shapelet of channel c and the input node’s signal. By per-
forming this computation independently for both channels,
the model generates 10 distances per modality, which are
concatenated to form a node-level feature vector z; € R?°
. This vector encapsulates how well each node’s signal
content aligns with the learned temporal patterns across
modalities, effectively projecting each raw node signal into
a discriminative shapelet-based feature space. This transfor-
mation replaces the raw node input with a modality-aware
representation that is both compact and explainable, while
also being robust to local temporal distortions such as phase
shifts and misalignments. Importantly, because this process
is applied independently to each node in the temporal graph,



Progress in Additive Manufacturing

it enables localized pattern recognition within each time
window while preserving channel-specific information. The
shapelet parameters are learned jointly with the GAT in an
end-to-end manner, ensuring that the extracted features are
directly optimized for the downstream classification objec-
tive. Furthermore, the architecture includes an auxiliary
computation routine that enables channel-specific averag-
ing and masking, allowing for the quantitative analysis of
the relative contributions of acoustic and optical modalities
to the learned representations.

4.3 Graph neural network architecture/ graph-level
embedding

Once the shapelet-based transformation is applied to each
node in the temporal graph, the resulting feature vectors
serve as input to a stack of GAT layers designed to model
local temporal dependencies and enhance contextual under-
standing across the graph. GATs employ a self-attention
mechanism that enables the network to dynamically weigh
the importance of neighboring nodes during message pass-
ing. Specifically, for a node ¢ and one of its neighbors 7, an
attention coefficient ¢;; is computed as:

¢i; = LeakyReLU (aT [Wh; | Wh,]) ®)

where W is a shared linear transformation, a is a learnable
attention vector, and || denotes vector concatenation. These
raw attention scores are normalized across the neighbor-
hood of node 7 using the softmax function:

exp (e;;)
ZkeN(i)exp (€ir)

Q5 =

(6)

The updated node representation is then computed as a
weighted sum of the transformed neighbor features, fol-
lowed by a non-linear activation o:

This formulation allows the model to focus on salient tem-
poral transitions while suppressing less informative connec-
tions, thereby enriching each node’s feature representation
with context-aware information. In our architecture, the
shapelet-encoded graph is processed through a three-layer
GAT network. The first two layers utilize multi-head atten-
tion (with two heads) to enhance stability and capture
diverse relational patterns, followed by batch normaliza-
tion and ELU non-linearities to improve convergence.
The third layer employs a single-head GAT, also followed
by batch normalization and ELU activation. Dropout is
applied between layers to prevent overfitting and improve

generalization. This deep GAT stack allows progressive
refinement of node embeddings by incorporating temporal
context from neighboring windows at multiple levels. To
obtain a sample-level representation, the node embeddings

hEL) from the final GAT layer are aggregated using global
mean pooling:

1
_ = (L)
= [y el ®)

The resulting graph-level embedding z € RY captures both
localized waveform characteristics (via shapelet extraction)
and global temporal context (via attention-based aggrega-
tion). This embedding is passed through a two-layer fully
connected classifier with ReLU activation and dropout,
producing class logits 7 € R®, where C' is the number of
target classes. The model is trained in a supervised fashion
using the categorical cross-entropy loss. This loss encour-
ages the model to assign high probability to the correct class
while penalizing incorrect predictions proportionally. All
components of the pipeline, including shapelet extraction,
attention-based message passing, and classification, are
optimized jointly in an end-to-end manner to minimize this
objective and maximize predictive accuracy.

4.4 Multimodal shapelet-GAT classifier

The proposed model comprises three primary parameter
groups: the shapelet extraction module, the GAT layers, and
the classifier head. The shapelet extractor includes 2K L
trainable parameters, where K = 10 shapelets are learned
per channel and each shapelet has a length L = 50, result-
ing in a total of 1,000 learnable weights. Each GAT layer
contributes parameters based on its configuration: with
attention heads, input dimensionality d;,,, and output dimen-
sionality d,y¢, the total number of parameters per layer is
H - (dip, - doyt + 2d), accounting for both the projection
matrices and the learnable attention vectors. In our imple-
mentation, the GAT stack consists of three layers, where the
first two employ multi-head attention (with two heads each),
followed by a single-head final layer. This configuration
yields only a few thousand trainable parameters, sufficient
to model temporal dependencies and cross-window inter-
actions while keeping the model lightweight. The classifier
head comprises two fully connected layers: the first proj-
ects d — d, and the second maps d — C, adding d? + dC
parameters, where C' denotes the number of output classes.
Despite its compact size, the model retains strong expres-
siveness by combining low-dimensional, modality-specific
shapelet features with graph-based temporal reasoning.
Training is performed end-to-end using the Adam optimizer
with a learning rate of 0.005. Each time-series sample is
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first converted into a graph structure through windowing
and edge construction (as described in Sect. 3). The result-
ing graphs were partitioned using a stratified window-level
split, with 65% used for training, 15% for validation, and
20% retained as a held-out test set. Stratification preserved
class balance across the five nominal CuCrZr composition
classes. The validation set was used for convergence moni-
toring and checkpoint selection, while the held-out test set
was reserved exclusively for final performance evaluation.
Because all samples originate from a single graded cube, this
split represents a controlled within-build evaluation rather
than a cross-build or cross-machine generalization test. The
model was trained end-to-end for 300 epochs using cate-
gorical cross-entropy loss and the Adam optimizer. Batch
normalization and dropout of 0.1 were applied after each
GAT layer to improve training stability and reduce overfit-
ting. The checkpoint with the highest validation accuracy
was selected for final testing, and held-out test accuracy was
used as the primary evaluation metric. Training loss, valida-
tion accuracy, and per-epoch wall-clock time were logged
throughout training. All experiments were conducted with
fixed random seeds for reproducibility and implemented
using PyTorch and PyTorch Geometric on GPU-accelerated
hardware.

4.5 Multi-material composition monitoring

4.5.1 Composition-sensitive process signatures in multi-
material PBF-LB

Figure 12 illustrates the learning dynamics of the proposed
Shapelet—-GAT framework, depicted through two comple-
mentary metrics: training loss with standard deviation (left)
and validation accuracy (right) over 300 training epochs. A
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sharp decline in training loss during the initial 50 epochs
reflects rapid convergence, driven by the joint encoding of
local discriminative motifs (via shapelets) and global rela-
tional context (via attention-based message passing). As
training advances, the loss curve enters a smooth, asymptotic
regime, suggesting convergence towards a stable local opti-
mum. The narrowing of the variance band indicates increas-
ing batch-wise stability and reduced gradient fluctuations,
highlighting a well-behaved and generalizable optimization
process. In parallel, the validation accuracy rises steadily,
exceeding 92% by epoch 200, and remains consistently
high thereafter with minimal fluctuations. The absence of
divergence between training and validation curves suggests
effective fitting without clear evidence of overfitting within
the stratified within-build evaluation. This convergence
behavior can be attributed to architectural regularization
strategies such as dropout, batch normalization, and weight
decay, which mitigate overfitting while preserving learn-
ing capacity. Collectively, these results validate the effec-
tiveness of the modality-aware graph formulation, where
multiscale temporal abstraction and graph-based relational
reasoning are optimized in a compact parameter space. The
observed learning dynamics affirm the robustness and scal-
ability of the proposed pipeline for multimodal time-series
classification under real-world variability Table 5.

Table 6 evaluates the final model’s classification per-
formance using a normalized confusion matrix across five
copper composition classes. Remarkably, despite having
only~4,000 trainable parameters, the model achieves a
classification accuracy of up to 92%, demonstrating a highly
efficient yet expressive architecture. The pronounced diag-
onal dominance in the confusion matrix indicates strong
precision and recall, with minimal misclassifications. Most
errors are concentrated between adjacent compositions such
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Fig. 12 Learning dynamics of the shapelet-GAT framework: Training loss and validation accuracy over 300 epochs
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Table 5 Training parameters on the GAT models trained

Training parameters GAT

Type of analysis Sparse representation
Solver name Adam
Learning rate 0.005
Training epochs 300

Batch size 256

Dropout 10%

Loss Cross entropy
Shuffle Every-epoch
Training set 65%

Testing and validation set 20% / 15%
Trainable parameter 3753

Table 6 Class-wise prediction accuracy of the proposed shapelet-GAT
model using normalized confusion matrix

Clas- Ground truth

sification  20%-Cu ~ 40%-Cu  60%-Cu  80%-Cu  100%-
(accuracy Cu
[%e])

20%-Cu 872 12.1 0.3 0.4 0.0
40%-Cu 6.5 86.5 5.5 L5 0.0
60%-Cu 0.4 4.0 90.7 4.9 0.0
80%-Cu 0.5 0.5 4.9 94.1 0.0
100%-Cu 0.0 0.0 0.0 0.3 99.7

as 40%-Cu and 60%-Cu reflecting underlying physical and
spectral similarities within these transition regions. Nota-
bly, the 100%-Cu class shows near-perfect classification,
highlighting the model’s ability to detect composition-spe-
cific features that are more distinctive at the distributional
extremes. These results show that the learned shapelet and
graph-attention representations capture class-discriminative
dynamics across both sensing modalities. The model sepa-
rates the five Cu-containing compositions most reliably at
the compositional extremes, with modest confusion mainly

Fig. 13 Sensitivity of classification
accuracy to the number of learn-

between adjacent intermediate classes. Since all data origi-
nate from a single graded cube, the reported accuracy should
be interpreted as within-build performance under a stratified
training, validation, and test split, rather than evidence of
cross-build or cross-machine generalization.

The K = 10 configuration discussed previously was
fixed based on the assessment of the shapelet representation,
as it achieved the highest accuracy while maintaining model
compactness. To examine this effect, a limited sensitivity
analysis was performed by varying the number of learnable
shapelets per modality from K = 2 to K = 16, while keep-
ing all other training and architectural hyperparameters con-
stant. As shown in Fig. 13, classification accuracy increased
markedly as K was increased from 2 to 10, improving from
79 to 92%. This indicates that very small shapelet banks
under-represent the diversity of composition-sensitive tem-
poral motifs present in the AE and OE signals. Since the
number of learnable shapelets directly affects the parameter
count, reducing K decreases model size but limits represen-
tational capacity, whereas increasing K provides additional
temporal templates at the cost of higher model complexity.
Further increasing K from 12 to 16 did not improve perfor-
mance and instead reduced accuracy, reaching 8§8% at K =
16. Since only the number of shapelets was varied in this
analysis, further optimization of related hyperparameters,
such as shapelet length, graph connectivity, and attention-
head configuration, may provide additional performance
gains and remains an avenue for future work.

Saliency analysis was used as a post-hoc explanation
tool to examine the internal decision logic of the proposed
model. By quantifying the gradient-based sensitivity of the
output with respect to input features, saliency maps identify
the signal regions and sensing modalities that most strongly
influence class-specific predictions. This not only facilitates
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understanding of the model's behavior. Let x € RV*2xT

denote the input tensor comprising N signal segments
(nodes), each with two modalities—over 7" time steps. Let
G = (V,€) represent the multimodal graph constructed
from these segments. During inference, we compute the
gradient-based saliency VL, where L is the classification
loss. The absolute gradient with respect to each input chan-
nel is interpreted as its local importance:

T

SAE:Z

t=1

T

7SOpt = Z

t=1

oL

8aj:,07t

oL

81‘;)17t

: )

These saliency scores are aggregated across nodes within
each graph (i.e., sample) using a global pooling operation
(e.g., global max-pooling):

Siap = Pool (43) Sop = Pool (S5),) (10)

For each class ¢, we compute the mean saliency contribution
per modality:

¢ _ 1 <@ @ _ 1 <(0)
Hap = D.| Z Saps Bopt = m Z Sopt 11

ieD. ieD.

where D, is the set of correctly classified samples belong-
ing to class c. Finally, the percentage contribution of each
modality is computed as:

() (e)
AB% =100 x — AL Optical%® =100 x 12 (12)
(c) (c) (c) (c)
Hap + Hopt Hap t Hopt

Standard deviations o¢ are computed similarly to represent
the intra-class variance in modality contribution. Figure 14
presents a quantitative analysis of modality-wise contribu-
tions to the classification process, computed using shapelet-
level saliency scores aggregated across test samples. The
bar plot compares the relative contributions of AE (CH1)

AE vs Optical contribution

61.6% 64.9% 62.6% 67.3%

80 59.1%

60

Channel contribution (%)
Fy
o

N
o

20%-Cu

40%-Cu

60%-Cu 80%-Cu 100%-Cu

Bl Acoustic emission EEl Optical emission

Fig. 14 Modality contribution (%) across classes based on saliency
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and OE (CH2) across five copper composition classes.
The results reveal a clear dominance of OE signals in the
model’s decision-making, especially for low to high cop-
per contents (20%—80%). For instance, optical contributions
exceed 60% for Classes 1—4 and peak at 64.9% for 40%-Cu.
In contrast, AE shows relatively lower contributions across
all classes, with a slight increase in 100%-Cu (40.7%), sug-
gesting some resurgence of relevance for acoustic cues at
high Cu concentration. This trend suggests that the model
learns to adaptively prioritize sensing modalities based on
their discriminative utility across the composition spec-
trum. The shifting contribution balance reflects not only
changes in material reflectivity and emissivity but also the
relative signal-to-noise characteristics captured by each sen-
sor. Moreover, the low standard deviations across samples
within each class indicate consistent modality usage, rein-
forcing the robustness of the model’s attribution behavior.
Importantly, this class-conditional, modality-aware attribu-
tion represents a key finding that has rarely been quanti-
fied or explicitly reported in prior sensor-fusion studies for
additive manufacturing, moving beyond “fusion improves
accuracy” to reveal how and when each modality drives the
decision. These findings demonstrate that the model does
not treat the two channels uniformly but instead performs
class-conditional, modality-aware feature selection, which
enhances interpretability and provides actionable guidance
for optimizing sensor fusion and instrumentation strategies
in multimodal process monitoring.

Figure 15 illustrates the progression of each learnable
shapelet from its initial random initialization to its final
optimized form following end-to-end training. This evo-
lution reflects the core capability of the shapelet extrac-
tor module to adaptively encode discriminative temporal
structures from modality-specific dynamics. For Channel 1
(AE), the optimized shapelets consistently evolve towards
high-frequency, burst-like motifs, indicating transient struc-
tural events or phase instabilities. In contrast, Channel 2
(OE) shapelets gravitate toward smoother, low-frequency
trends, capturing gradual reflectance shifts likely related
to thermal diffusion or surface morphology. This contrast
between modalities exemplifies how distinct sensor modali-
ties encode complementary information at differing tem-
poral scales. The substantial divergence between initial
and trained shapelet profiles confirms the effectiveness of
gradient-based learning in driving task-specific temporal
abstraction. Importantly, the diversity in final shapelet mor-
phologies suggests that the model avoids mode collapse and
preserves a rich representational capacity. Such evolution
validates the utility of shapelet learning in uncovering latent
motifs that would otherwise be obfuscated in raw time-
domain representations.
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Figure 16 provides a fine-grained, class-wise visual-
ization of node-wise shapelet activation maps across both
sensing modalities: AE (left) and OE (right). Each heatmap
represents the normalized distance between a learned shape-
let and the corresponding signal window (node), where
darker violet indicates stronger activation (i.e., lower dis-
tance between shapelet and segment). The columns represent
nodes (i.e., sliding time windows), while rows represent dif-
ferent shapelets. In the AE maps, activations are relatively
diffuse and low in intensity across all compositions, sug-
gesting that the shapelets in Channel 1 are either weakly dis-
criminative or capture more global, low-variance temporal
features. For example, shapelet 1 exhibits near-uniform acti-
vation across many nodes and compositions, indicative of a
structural motif that recurs regardless of class. This unifor-
mity could reflect baseline acoustic signatures that are less
composition-specific. Conversely, the OE channel reveals
more sharply localized and heterogeneous activations, par-
ticularly in higher Cu compositions (60%, 80%, and 100%).
Shapelets such as 1, 7, and 8 exhibit strong activation over
specific node ranges (e.g., nodes 5-15), suggesting that
optical motifs are temporally sparse but highly informative.
These patterns may correspond to transient melt pool events
or changes in reflectivity that emerge at particular process
phases and are accentuated in high-Cu alloys. This inter-
pretation is consistent with the transition from deeper key-
hole/transition-mode melt pools at lower CuCrZr fractions
to shallower conduction-mode melt pools at higher CuCrZr
fractions. Therefore, the learned activation maps should not
be interpreted as arbitrary neural features alone; they pro-
vide temporally localized indicators of how the dominant
sensing mechanism shifts from mechanically driven acous-
tic responses toward optically driven reflectivity-sensitive
responses across the compositional gradient. This detailed
spatial-temporal activation mapping complements the ear-
lier saliency attribution analysis (Fig. 15) by revealing not
just how much a modality contributes, but where and when
within a sample the most discriminative waveform patterns
occur. The pronounced and localized activations in Channel
2 reinforce the conclusion that OE plays a critical role in
classifying Cu-rich compositions. Overall, this map-based
inspection illustrates the modality-aware and temporally
adaptive learning behavior of the proposed Shapelet—-GAT
framework, offering interpretability through the ability
to trace predictions back to salient motifs in specific time
segments.

Figure 17 shows the normalized node-wise saliency across
19 temporal segments for each composition class. Higher
saliency at nodes 1 and 19 indicates that the model relies
more strongly on the beginning and end of each scan-track-
aligned signal window. This is physically plausible, as these
boundary regions are likely to contain laser-on and laser-off
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transients, melt-pool initiation and termination, and rapid
changes in thermal and solidification conditions. In contrast,
the central nodes show lower and more uniform saliency,
suggesting a smaller contribution to classification. The trend
is broadly consistent across classes, with slightly stronger
variation for 80%-Cu and 100%-Cu. Although the learned
shapelets are temporal motifs rather than explicit spectral
filters, their morphology is consistent with the exploratory
spectral analysis: AE contributes mainly through transient,
burst-like waveform content, while OE captures smoother
intensity variations and reflectivity-driven signatures that
become more prominent at higher CuCrZr fractions. Over-
all, the node-wise saliency confirms that the Shapelet—-GAT
model focuses on physically meaningful and temporally
informative signal regions.

Figure 18 visualizes the learned graph-level embeddings
using a 2D #-SNE projection, with samples color-coded by
Cu composition. The extreme classes, 20%-Cu and 100%-
Cu, form compact and clearly separated clusters, indicating
that the model captures distinct signal morphologies at the
compositional boundaries. In contrast, intermediate com-
positions, particularly 40%-Cu and 60%-Cu, show greater
overlap, consistent with their closer physical similarity and
the modest confusion observed in the classification matrix.
The gradual transition among clusters suggests that the
latent space preserves composition-dependent structure
rather than only separating discrete classes. Overall, the
t-SNE visualization supports that the learned graph-level
embeddings preserve composition-dependent structure,
with clearer separation at the compositional extremes and
partial overlap between intermediate Cu-containing classes.

5 Discussion

While the preceding sections demonstrated the effectiveness
of the multimodal Shapelet—-GAT framework, it is equally
important to evaluate its generalizability and adaptabil-
ity under constrained sensing conditions. To this end, the
architecture was tested in unimodal configurations, using
only either AE or OE data. This evaluation isolates the con-
tribution of each sensor stream and tests the robustness of
the framework when operating with limited input data. As
shown in Table 7, the unimodal acoustic and optical con-
figurations achieve classification accuracies of ~82.0% and
~81%, respectively. The unimodal results show that both
AE and OE contain composition-sensitive information, but
neither modality alone reaches the performance of the dual-
channel model. The variations observed in AE and OE arise
from the coupled effects of composition changes and melt-
ing mode transitions. The shift from keyhole to conduction
mode modifies melt pool depth and stability, influencing the
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Table 7 Performance comparison of shapelet-GAT under unimodal

configurations

Clas- Ground truth

sification  20%-Cu  40%-Cu  60%-Cu  80%-Cu  100%-

(accuracy Cu

)

20%-Cu 755 19.0 34 2.1 0.0
76.5 18.7 1.8 3.0 0.1

40%-Cu 200 68.8 9.7 15 0.0
13.7 65.1 19.0 2.2 0.0

60%-Cu 0.9 7.2 84.2 7.6 0.1
23 13.2 77.8 6.7 0.0

80%-Cu 0.9 2.1 12.5 84.5 0.0
1.5 1.7 12.7 842 0.0

100%-Cu 0.0 0.0 0.0 0.0 100.0
0.0 0.0 0.0 0.0 100.0

Each cell contains classification accuracies for the unimodal Shape-
let—-GAT architecture, with bold italicized values representing
airborne acoustic-only results and plain values representing optical-
only results
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Dimension 1

frequency content and amplitude of AE signals. In paral-
lel, increasing CuCrZr content changes optical absorptiv-
ity and reflectivity, producing systematic variations in OE
intensity and spectral response. Thus, AE mainly reflects
melt pool dynamics and mechanical stability, while OE is
more sensitive to composition related changes in reflectivity
and absorptivity. The improved dual modality performance
is therefore physically consistent with the complementary
nature of the two sensing channels.

To further evaluate whether the proposed Shapelet—-GAT
architecture is justified beyond unimodal sensor ablation,
additional benchmarking was performed against representa-
tive end-to-end time-series and graph-learning baselines, as
summarized in Table 8. The 1D-CNN baseline processes the
dual-channel AE/OE signal using three stacked one-dimen-
sional convolutional layers with 32, 64, and 128 filters, fol-
lowed by batch normalization, ReLU activation, adaptive
average pooling, and a compact fully connected classifier.
The CNN-LSTM baseline uses two convolutional layers
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Table8 Single-run benchmark Model Accu- Fl-score Params Model FLOPs  Train Amortized Peak
comparison of representative racy (%) foot- time (s) GPU latency GPU
end-to-end time-series and graph- (%) print (ms/sample) memory
learning baselines (KB) (MB)
Shapelet-GAT 91.64 91.7 3.8k 14.66 25M 550.2  0.031 1200
ID-CNN 91.53 91.34 445k 173.89 30.33M 386.82 0.029 654.4
CNN-LSTM 91.40 9145 86.1k  336.39 25.17M  231.45 0.020 1125.3
TCN 76.60 76.39 1159k 452.64 538.92M 5003.44 0.298 9021.8
Transformer 83.24 83.08 82.1k  320.52 4.02M 188.75 0.015 226.5
GAT without 78.63  78.69 22.8k 88.97 0.39M 343.82 0.046 107.1
shapelets
GCN without 76.65 76.83 22.6k 88.35 0.39M 297.60 0.039 66.9
shapelets

with 32 and 64 filters to extract local temporal features,
followed by a bidirectional LSTM with 64 hidden units
to model longer-range sequential dependencies. The TCN
baseline consists of three dilated residual convolutional
blocks with 32, 64, and 128 channels and dilation factors of
1,2, and 4, enabling multi-scale temporal feature extraction.
The Transformer baseline first projects the 5000-point dual-
channel input into 100 temporal tokens using a stride-50 con-
volutional projection, followed by a two-layer Transformer
encoder with 64-dimensional embeddings and four attention
heads. To isolate the contribution of the shapelet module,
GAT and GCN baselines without shapelet extraction were
also implemented, where each 500-point dual-channel node
is flattened, projected to a 20-dimensional representation,
and passed through three graph-attention or graph-convolu-
tion layers. These benchmark models should be interpreted
as representative baseline implementations rather than
exhaustively optimized architectures; further hyperparam-
eter tuning, pruning, quantization, or architecture-specific
optimization could improve their performance or efficiency.
Nevertheless, they provide a practical comparison across
conventional convolutional, recurrent, temporal-convolu-
tional, attention-based, and graph-based learning strategies.
For a fair comparison, all results reported in Table 8 were
generated using the same stratified 65/15/20 train/valida-
tion/test split described in Sect. 5.

The term lightweight is used here specifically to denote
the compact trainable-parameter footprint of the model,
rather than lower peak runtime memory or lower inference
latency reported in Table 8. Model footprint was calculated
as the number of trainable parameters multiplied by 4 bytes,
assuming float32 precision. Peak GPU memory and amor-
tized GPU latency were measured on an NVIDIA RTX
PRO 4000 Blackwell GPU using a batch size of 256. The
reported latency values represent total batched inference
time divided by 256 and should therefore not be interpreted
as isolated batch-size-one inference latency. Although the
proposed Shapelet—-GAT has a small parameter footprint, its
fully connected graph construction, shapelet-distance com-
putation, and graph-attention operations increase FLOPs,

activation storage, and runtime memory. Therefore, hard-
ware-specific and library-level optimization will be required
to fully exploit the model’s compact parameter footprint and
to assess its practical runtime memory, latency, and deploy-
ment efficiency under resource-constrained manufacturing
environments.

As shown in Table 8, the Shapelet—GAT model achieved
91.64% accuracy with only 3.8k trainable parameters, while
the 1D-CNN and CNN-LSTM baselines achieved closely
comparable accuracies of 91.53% and 91.40%, respectively,
but required substantially larger parameter counts of 44.5k
and 86.1k. Since the accuracy difference among these three
models is only 0.24 percentage points in a single-run bench-
mark, the results should not be interpreted as a statistically
definitive ranking or as evidence of clear accuracy superi-
ority. Rather, the value of the proposed framework lies in
achieving comparable within-build classification perfor-
mance with a compact trainable-parameter footprint, while
providing interpretable access to temporal shapelets, modal-
ity-wise saliency, node-wise importance, and sensor-contri-
bution trends. The near-identical accuracies of the strongest
dual-modality neural models also suggest that the present
five-class, single-cube task may be close to saturation for
high-performing end-to-end architectures under the current
window-level evaluation setting. Therefore, Table 8 should
be viewed primarily as a representative benchmark showing
that multiple neural architectures can extract composition-
sensitive AE/OE signatures, rather than as a definitive com-
parison of architectural superiority. Extending equivalent
size—accuracy sweeps to the baseline architectures would
require a broader capacity-matched benchmarking study
and is therefore treated as future work rather than the main
objective of the present manuscript.

In contrast, the graph baselines without shapelet extrac-
tion performed substantially worse, with GAT without
shapelets reaching 78.63% accuracy and GCN without
shapelets reaching 76.65%. This indicates that graph-based
temporal reasoning alone is insufficient, and that the learn-
able shapelet representation provides an important discrimi-
native temporal abstraction. The benchmark also reports
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floating point operations (FLOPs), inference latency, mem-
ory footprint, and training time, providing a practical com-
parison of predictive performance and computational cost.
Classical models such as Random Forest, support vector
machines, and eXtreme Gradient Boosting were not used
as primary baselines because they require manually engi-
neered time- and frequency-domain features, whereas the
proposed framework and selected neural baselines operate
directly on synchronized AE and OE signal windows.

The proposed Shapelet—-GAT model provides a compact
architecture with approximately 4,000 trainable parameters
while maintaining classification performance comparable
to larger neural baselines. The benchmark results should be
interpreted as a practical comparison of computational com-
plexity rather than as a full embedded deployment study.
Dedicated hardware validation on embedded processors
or machine controller hardware remains necessary before
making definitive claims regarding real-time edge imple-
mentation. The added value of the framework is not limited
to classification accuracy. Compared with the earlier con-
trastive learning approach [67], which focused on learning
composition separable embeddings from fused AE and OE
signals, the Shapelet-GAT model provides explicit access
to the temporal motifs, sensor modality contributions, and
graph node regions that drive the prediction. This is impor-
tant for multi-material PBF-LB, where process signatures
arise from coupled effects of composition, reflectivity, melt
pool morphology, and melting regime. The interpretability
analyses show that the two sensing channels are used differ-
ently across the compositional gradient, with OE becoming
increasingly influential at higher CuCrZr concentrations,
consistent with increased reflectivity near the laser wave-
length. Overall, the learnable shapelet representation pro-
vides a compact and interpretable mechanism for encoding
discriminative temporal motifs, supporting the Shapelet—
GAT model as an interpretable sensor fusion framework
for composition sensitive monitoring in multi-material
PBF-LB.

6 Conclusion

This study presents a compact and interpretable Shapelet—
GAT framework for decoding composition-dependent AE
and OE signatures during 316L—CuCrZr multi-material
PBF-LB. By combining learnable shapelets with graph-
based attention, the model captures localized waveform
patterns and temporal relationships from synchronized
dual-modality sensor data. With approximately 4,000
trainable parameters, it achieves classification accuracy
comparable to larger neural baselines while providing inter-
pretable access to modality-specific temporal motifs and
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sensor-contribution trends. Overall, the framework provides
an interpretable graph—shapelet alternative to conventional
deep learning approaches for multimodal AM process mon-
itoring. Three key findings underscore the significance of
this framework:

1. The multimodal Shapelet-GAT model achieved up to
92% classification accuracy, outperforming unimodal
configurations and achieving performance comparable to
larger neural baseline models, while maintaining a sub-
stantially smaller trainable-parameter footprint.

2. Saliency analysis and shapelet activation maps provided
deeper, modality-specific insight into the decision logic,
showing that back-reflected OE at the laser wavelength
becomes increasingly dominant at higher Cu concentra-
tions, consistent with copper’s higher reflectivity at 1064
nm.

3. The learned latent embedding space, visualized via
t-SNE, exhibited well-structured, composition-aware
clusters with smooth transitions along the copper gradi-
ent—capturing both discrete class boundaries and con-
tinuous material variation.

These findings reinforce our previous observation that OE
becomes increasingly informative in reflective CuCrZr-
rich regions of multi-material PBF-LB [67]. However, the
present validation is limited to a single graded build with
a stratified window-level split for training, validation, and
testing. Independent-build and layer-wise validation are
therefore required to establish cross-build generalization.
Accordingly, the framework represents a proof-of-concept
for composition-sensitive signal decoding, with off-nominal
validation required before extension to anomaly detection
and closed-loop quality assurance. Overall, it provides a
strong foundation for advancing data-driven monitor-
ing in smart manufacturing. Future work will explore its
extension to variable-length sequences [68], integration of
additional sensing modalities (e.g., thermal imaging, spec-
troscopy, high-speed video), and cross-system generaliza-
tion across different machines, build geometries, and alloy
families. In addition, hardware-specific and library-level
optimization will be required to fully exploit the model’s
compact parameter footprint and to assess its practical run-
time memory, latency, and deployment efficiency under
resource-constrained manufacturing environments. Further
enhancements may also include embedding domain-aligned
constraints into shapelet learning or attention mechanisms
to improve robustness and support adaptive monitoring in
complex, multi-material AM environments. The data and
code for this study can be accessed in the following reposi-
tory (https://gitlab.utu.fi/vpsora/Additive-Manufacturing-M
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ulti-Material-3161 CuCrZr-Sensor-Fusion-Modality-Awar
e-Lightweight-Graph-Network.git).
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