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ABSTRACT 

Machine learning offers significant potential for automating manufacturing processes through prediction of parameters and 
properties. However, its adoption is limited by the needs for process-specific expertise, complex analytical models, and large, 
high-quality training datasets. This study introduces a streamlined, non-analytical blackbox deep-learning approach tailored 
to resource- and knowledge-limited settings. Applied to laser-induced graphene, an emerging technique for fabricating flexible 
electronics, this method uses a simple neural network for bidirectional predictions: forward estimation of graphene properties from 

laser parameters, and inverse prediction of laser settings from target properties. Using only a small dataset of 500 moderate-quality, 
high-variance samples, the model attained joint prediction accuracies of up to 95% on validation samples, and 96% in a functional 
flexible circuit. These results match or surpass more elaborate physics-informed or multi-component models in the literature, 
with minimal resources and no preprocessing. The method is widely applicable to various functional materials and fabrication 
techniques, minimizing dependence on prior knowledge, manual optimization, and specialized equipment. This demonstrates 
that high predictive performance can emerge from minimal overhead, making machine learning a practical, accessible instrument 
that democratizes intelligent manufacturing in graphene-based and related systems, enabling efficient and scalable real-world 
innovation. 
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 Introduction 

n the field of organic and flexible electronics, laser-induced
arbonization of organic polymers is fairly new. Among numer-
us microfabrication techniques, it is technologically analogous
o non-impact printing processes, overperforming the latter in
roductivity, usability, robustness, and electrical properties of
he output. It offers greater versatility and sustainability in
omparison to printing due to its solvent-free nature, and due
his is an open access article under the terms of the Creative Commons Attribution Licen
riginal work is properly cited. 
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dvanced Materials Technologies , 2026; 0:e71016 
ttps://doi.org/10.1002/admt.71016
to the elimination of the post-processing steps, such as solvent
evaporation and sintering. Therefore, a rapidly growing appli-
cation of the method has been observable in such spheres as
material science, energy, flexible electronics, sensors, advanced
manufacturing, etc. [ 1–6 ]. For example, laser-patterned interdig-
itated electrodes on polyimide (PI) substrates, as illustrated in
Figure 1a , serve effectively in flexible sensors and field-effect
transistors. The process involves photothermal dissociation and
graphitization of carbon-rich polymers (substrates) upon laser
se, which permits use, distribution and reproduction in any medium, provided the 
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FIGURE 1 Illustrations of laser-induced graphene (LIG) fabrication, related structures, and attributes. (a) Laser-patterned interdigitated electrodes 
on a polyimide substrate, suitable for applications in flexible sensors and field-effect transistors. (b, c) Schematics of LIG formation (combined and 
adapted from [ 1, 3, 5–7 ]). (b) Cross-section of a single line formed on a substrate film. (c) Manufacturing principle for a single line and its morphology 
depending on the applied energy density U . (d) Beam spot size d and energy density U as functions of the distance a between the substrate surface and 
the laser focal point F (adapted from [ 8 ]). The distance a defines the laser beam defocus D , which is positive when F is above the substrate surface and 
negative otherwise. 
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xposure, leading to the formation of laser-induced graphene
LIG) and a transitional zone where partial graphitization occurs,
s depicted in Figure 1b,c . 

umerous laser parameters influence the outcome, with many
nteractions remaining only partially understood, which compli-
ates manual process optimization. The morphology, properties,
nd structure of LIG depend primarily on the applied energy
ensity ( U ), which in turn varies with laser wavelength, power
 P ), frequency, scanning speed ( υ), and polymer interactions
 1, 3 ], indicated in Figure 1b,c . A high-level U broadens LIG
nd transitional zones, but risks pyrolysis, whereas a low-level
 narrows the zones, but potentially yields insufficient graphiti-
ation (Figure 1c ). Precise adjustment of laser beam parameters
LBP) achieves optimal U values. This study identifies three
rimary U regimes: optimal (i.e., mid-level) for stable, conductive
IG with high yield; high-level, resulting in over-graphitization,
yrolysis decomposition, or substrate destruction [ 1, 9, 10 ]; and
ow-level, preventing reliable conductive LIG formation, though
artial graphitization or thermal damage may occur [ 1, 3 ]. Energy
elivery also depends on beam geometry. As shown schematically
n Figure 1d , beam diameter ( d ) varies along its propagation,
eaching a minimum at the focal point ( F ). Defocus ( D ) denotes
he distance between F and the substrate surface—positive when
 lies above the surface and negative otherwise. Greater | D |
issipates energy, reducing U while increasing overlap of adjacent
can spots due to beam expansion, which causes multiple expo-
ures [ 1, 5, 8, 11 ]. Thus, D ranks among the critical LBP in LIG
abrication. 

espite its apparent simplicity, LIG patterning requires care-
ul consideration of multiple laser parameters and material
haracteristics to achieve targeted geometrical and functional
roperties (PP) [ 4, 7, 11, 12 ]. Reliable, reproducible fabrication
f conductive LIG films remains challenging, as precise manual
BP optimization proves labor-intensive, often leading to excess
aterial consumption and resource waste. Machine learning
ML) models offer advantages over manual methods by enabling
fficient data collection, processing, and correlation, thereby
nhancing process efficiency and sustainability [ 4, 7, 13 ]. Deep
earning (DL), a subset of ML, employs numerical approaches to
mulate neural operations, with multilayer perceptrons (MLPs)
erving as fundamental neural-network (NN) architectures [ 14 ].
lackbox DL treats internal processing as opaque, allowing a
treamlined strategy that avoids the requirements for process-
pecific knowledge or complex submodels [ 15–17 ]. This approach
uits resource-constrained settings lacking advanced equipment,
arge datasets, or specialized expertise. Further details on its
rinciples appear in Note S1 and Figure S1 [ 7, 14–24 ]. 

n the field of LIG, the application of ML to predict a fabrication
rocess was considered in numerous state-of-the-art publications.
ie et al. [ 11 ] employed the Bayesian-optimized Gaussian Process
egression to predict functional properties of fluoride-doped LIG
rom LBP. Namely, hydrophobicity and electrical resistance of
he fabricated LIG surface were assessed simultaneously. Ghimire
t al. [ 4 ] introduced Bayesian optimization of process parameters,
ocusing on minimizing sheet resistance, and on maximizing fab-
ication yield in LIG-based glucose sensors. Santos ‑Ceballos et al.
 13 ] simulated the LIG-fabrication process, using a digital-twin
N-based model. Xia et al. [ 23 ] first applied a twofold deep-
dvanced Materials Technologies, 2026
transfer-learning model to classify LIG in a vision-based process
monitoring. Chen et al. [ 25 ] developed a lazy ML algorithm to
correlate LBP and the LIG morphology and resistance. Le et al.
[ 12 ] predicted sheet resistance of LIG with respect to the applied
laser energy. Their model framework combined two algorithms
assessing multiple laser parameters. Murray et al. [ 26 ] proposed
an analytical Design-of-Experiment strategy to optimize LBP in
LIG fabrication, to bypass the need for an extensive training
dataset in complex ML models. 

Beyond LIG, the ML-assisted prediction of the properties from
process settings was reported for such related branches, as
graphene fabrication, flash Joule heating, and functional print-
ing. Sattari et al. [ 24 ] and Beckham et al. [ 27 ] predicted the
graphene yield with a physics-based ML framework, and with
an eXtreme Gradient Boosting (XGB) regression model, corre-
spondingly. Jin et al. [ 28 ] explored the application of a cycled long
short-term memory model to predict mechanical properties and
performance of nickel-graphene nanocomposites, based on the
input molecular-dynamics data. Kim et al. [ 29 ] designed an ML
approach to optimize jetting-control signal in the inkjet process,
with respect to the ink properties. Huang et al. [ 30 ] designed a
physics-based DL framework to predict droplet appearance from
the jetting-control signal and ink properties. Zhao et al. [ 31 ]
described a double-direction physics-informed MLP model for an
application in the laser powder bed fusion printing process. They
compared efficiency of the model on sole physically-fabricated
samples, and on a hybrid dataset with mechanistic modeling data.

The literature survey revealed the following gaps. 

1. Most studies employed interpretable physics-informed or
complex multi-component ML/DL frameworks for property
prediction and classification [ 7, 11–13, 23, 24, 28–31 ]. The
requirement for large training datasets exceeding several
thousand samples hindered broader adoption of deep learn-
ing despite its demonstrated potential. 

2. With rare exceptions, investigations focused only on forward
prediction of outcome properties from process parameters,
but not vice versa [ 11–13, 24, 25, 27–29 ]. Yet, determining the
laser settings necessary to achieve specific product character-
istics holds greater practical relevance for manufacturing. 

3. Many researchers also restricted analysis to predefined
parameter ranges and excluded precarious data [ 7, 12, 13,
19, 25, 31 ]. That limited the number of considered variables,
reduced real-world robustness, and demanded extensive pre-
liminary analysis and high-quality data preparation, thereby
elevating labor costs. 

4. Precise morphological assessment of LIG typically relied on
Raman spectroscopy [ 1, 3, 4, 7, 13, 24 ]. This is a standard yet
equipment-intensive technique requiring costly instrumen-
tation and substantial manual effort. Faster, naïve evaluation
methods better suited to industrial scaling received little
attention at the laboratory level. 

To address the limitations, we reposition the MLP as an innova-
tive streamlined and non-analytical blackbox strategy, optimized
for industrial scalability in LIG production. Unlike complex,
resource-intensive frameworks, such as digital-twin models [ 13 ],
3 of 15
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TABLE 1 Laser-beam properties for fabrication of training lines 
(Dataset A). 

Laser-beam parameters Values applied 

Laser power P [W] 4, 6, 8, 10, 12 
Laser movement speed across 
the substrate υ [mm/s] 

25, 50, 75, 100, 125, 150, 
200, 250 

Laser-beam defocus D [mm] − 0.3, 0, 0.3, 0.5 
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ulti-NN architectures [ 23 ], or physics-informed ML approaches
 24 ], the proposed method requires minimal prior knowledge, no
ata filtering, and small datasets. Therefore, it suits environments
ith constrained computational resources, time, or expertise. 

his work assesses the feasibility of a blackbox DL approach
or bidirectional prediction in LIG fabrication—enabling both
stimation of LIG properties from given laser parameters and,
onversely, determination of the required parameters to achieve
argeted properties. A simple MLP served as the core blackbox
ata transformer. Model training and accuracy evaluation relied
n a modest set of fabricated LIG structures. Subsequently, the
rained model predicted laser parameters for electrodes in a
unctional flexible electronic circuit (demonstrator) and verified
esults within the same stage. The attained model performance
as benchmarked against conventional regression and literature
ethods, focusing on dataset size, data filtering practices, model
omplexity, and prediction directionality. The overall workflow
ulminated in the successful fabrication and validation of a set of
emonstrators. 

 Results and Discussion 

.1 Collected Samples 

he primary training dataset (Dataset A [ 32 ], Figure S2 ) consisted
f 500 LIG lines, organized into 100 groups of five identical lines,
ach fabricated using the same laser parameters, listed in Table 1 .
icroscopic inspection revealed a range of LIG morphologies
hat depended on the applied energy density U , as shown in
igure 2a–e . Low energy densities produced either no visible lines
Figure 2a ) or partially carbonized, non-conductive structures
Figure 2b ). Optimal conditions yielded functional lines with a
onductive graphene core (dark central region) surrounded by
 gray boundary zone (Figure 2c ). High energy densities caused
yrolysis decomposition, resulting in non-conductive lines with
ertical surface cracks (Figure 2d ) or complete destruction of the
raphene core (Figure 2e ). The entire process: preparation, laser-
atterning, sample characterization, and data collection required
pprox. three hours. 

wo additional datasets served for validation. Dataset B [ 32 ]
ncluded 100 validation lines arranged in 20 groups of five
ines. The groups were evenly split between direct and inverse
rediction tasks. LBP and target LIG properties were randomly
elected within predefined ranges, listed in Table S1 . Dataset B is
epresented in Figure 2f and Figure S3 . Dataset C [ 32 ] extended
alidation to more complex geometries, featuring 13 rectangular
of 15
shapes: seven for direct prediction, six for inverse prediction
(Figure 2g,h ; Figure S4 ). 

2.2 Analysis of Collected Data 

The systematically collected datasets, encompassing controlled
training samples and diverse validation structures, formed the
basis for initial data-quality assessment. These data enabled
development of a predictive model, and enabled subsequent
evaluation of its prediction accuracy on actual samples. 

For all fabricated samples, the actual R , W , and Q values were
measured. For validation rectangles in Dataset C, the equivalent
resistance Req was calculated because overlapping prevented
direct measurement of R and W for individual lines. These
measured values correlated with the applied lasing parame-
ters LBP, and, hence, with the energy density U . In accor-
dance with the blackbox approach, the data underwent treat-
ment “as is”, without incorporating prior knowledge of quality
[ 15–21 ]. Potential LIG detachment received no consideration,
which increased overall variance, but enhanced model general-
izability. Figure 3 summarizes the collected data and key results
from this work, with discussion provided below. 

Analysis of Dataset A (training lines) identified substantial
variance in both R and W values, as shown in Figure 4a and
Figure S5 , with corresponding accuracy metrics listed in Table
S2 . The unbiased relative standard deviation exceeded the critical
value % 𝑅𝑆𝐷∗ 

𝑐 𝑟 𝑖𝑡 
for both properties (1.76 ≫ 0.33 for R ; 0.53 > 0.33

for W ). That indicated a need for data improvement through
refabrication or filtering of low-quality entries [ 33–35 ]. At U ≲ 15
J/mm3 , the applied energy was too low to form conductive LIG. As
U increased, line width W and resistance R expanded (Figure S5a ),
while minor declining trends emerged for quality Q and the joint
accuracy metric J (Figure S5b ), caused by an increased production
of fragile LIG at higher U . Over-graphitization occurred near U
≈ 115 J/mm3 , with a complete substrate destruction at greater
values. The identified conductive range (approximately 15–115
J/mm3 ) guided fabrication of validation samples. 

Distribution plots in Figure 4b,c and Figure S5c,d confirmed the
high variance in training data for R (Figure 4b ), W (Figure 4c ),
Q (Figure S5c ), and J (Figure S5d ), with related metrics listed in
Table S2 . PCC indicated weak to moderate relationships between
trend and actual values, while R2 scores demonstrated poor trend
fitting due to variance. The discrete variable Q exhibited stronger
correlation and fitting. The resulting J value reached 75.6% ±
35.8% (R2 = 0.04; PCC = 0.20), corroborated by regression analysis
at 45.4% ± 32.4%. Albeit potential model inaccuracy, inclusion
of such high-variance data preserved real-world applicability,
as the model’s error bounds accounted for inherent process
uncertainties and supported safer scaling to production. 

Despite the limited size and high variance of training data,
validation samples in Datasets B and C yielded decent prediction
accuracy. The selected U range (20.9–97.8 J/mm3 ) aligned fully
with the conductive zone, as in Figure 4a and Figure S5a,b .
Fifteen lines and two rectangles at U ⪆ 100 J/mm3 received correct
“non-conductive” predictions from the NN. Correlation plots
for R , Req , W , Q , and J appear in Figures S6c–f and S7c–e ,
Advanced Materials Technologies, 2026
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FIGURE 2 Microscopic and photographic images of laser-induced graphene samples across datasets, illustrating morphology variations and 
validation outcomes. (a–e) Representative cropped microscopic images (same scale) of laser-patterned lines from Dataset A. (a) No visible line formed 
due to very low density U of the applied laser energy. (b) Visible, but non-functional, partially carbonized line resulting from low U to induce conductive 
graphene. (c) Functional line with a distinct conductive graphene core (central black region) surrounded by a gray transitional zone. (d) Non-conductive 
line exhibiting vertical surface cracks caused by high U leading to pyrolysis decomposition. (e) Completely destroyed graphene core with a remaining 
gray transitional zone due to very high U . (f–h) Cropped digital photographs of validation samples. (f) Validation lines from Dataset B ( n = 100), divided 
into groups for direct prediction (randomly generated laser beam parameters to predict resistance R , width W , and quality Q ) and inverse prediction 
(randomly generated R , W , and Q to predict power P , speed υ, and defocus D ); samples marked with X indicate incorrectly set parameters and were 
excluded. (g, h) Validation rectangles from Dataset C ( n = 13, same scale): (g) immediately after lasing, and (h) after manual application of conductive 
varnish to ensure uniform connection of all individual lines. 
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ith metrics in Tables S3 and S4 . Both validation sample types
howed moderate to very strong correlations (R2 and PCC)
etween predicted and ground-truth values, with no notable
ifferences between direct and inverse workflows. Joint accuracy
 attained 80.8% ± 9.4% for lines (Dataset B; R2 = 0.74; PCC
 0.86) and 91.8% ± 7.8% for rectangles (Dataset C; R2 = 0.93;
dvanced Materials Technologies, 2026
PCC = 0.96). Corresponding regression values were considerably
lower (62.7% ± 31.9% and 63.2% ± 32.7%). Thus, the developed
model delivered statistically significant prediction accuracy. That
confirmed the viability of the approach and enabled practi-
cal benefits, such as reduced material waste through targeted
optimization. 
5 of 15
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FIGURE 3 Overview of the collected data and key results from the present study on laser-induced graphene fabrication. For comparison, edge 
cases of prediction accuracy reported in the literature are indicated for illustrative purposes. The coefficient of determination R2 , Pearson correlation 
coefficient (PCC), and regression analysis are provided for the joint value J only, as it represents the collective central tendency across the multiple 
variables considered. Error bars denote standard deviation. 

FIGURE 4 Analysis of training data from Dataset A. (a) Mean values of linear resistance R and line width W , as functions of applied energy density 
U , shown with logarithmic trend lines. Three distinct quality zones are identified based on the appearance of fabricated laser-induced graphene samples. 
(b, c) Distribution plots comparing actual mean values against mathematically expected trend values (derived from the trend lines in (a) for (b) R and 
(c) W . The diagonal line ε = 0 indicates perfect agreement. Corresponding coefficients of determination R2 and Pearson correlation coefficients (PCC) 
are provided. Error bars in (a) represent standard deviation. 
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.3 Twofold Control of Data Handling 

n two runs of the twofold-control workflow, restoration capabili-
ies of synthetic data were assessed. The corresponding Dataset
 [ 32 ] consisted of 150 randomly generated combinations of
BP and LIG properties PP. In run A, the model restored
5 LBP combinations from given PP values, yielding metrics
etailed in Table S5 . The mean joint accuracy J reached 86.8%
 5.0% (R2 = 0.92; PCC = 0.96). Two key observations emerged.
irst, prediction accuracy proved higher for LBP associated with
onductive lines, compared to values outside this range (88.8%
of 15
± 3.9% versus 81.6% ± 3.4%, respectively; Figure S8a ). Second,
although scatter plots revealed weak correlation between initial
and restored individual laser settings P and D (Figure S9b,d ; R2 

≈ 0.03; PCC = 0.16–0.19), the restored U and J values closely
matched the originals (Figure S9e,f ; R2 

> 0.70; PCC > 0.83).
The NN appeared to refine suboptimal process parameters to
achieve intermediate predicted LIG properties while preserving
applied laser energy U and target PP. This is crucial for proactive,
AI-supported manufacturing lines, determining an ideal initial
parameter set for production startup. A conventional regression
model achieved lower accuracy of 74.8% ± 28.6%. 
Advanced Materials Technologies, 2026
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FIGURE 5 Photographs of the fabricated flexible LED circuit using 
machine learning-predicted laser parameters, demonstrating operational 
functionality. (a) Flat demonstrator in the “off” state. (b, c) Variously 
curved demonstrator in the “on” state. 
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n run B, the model processed 25 PP combinations from given
BP values, with metrics reported in Table S6 . The mean J
alue was 84.7% ± 11.9% (R2 = 0.66; PCC = 0.81), influenced
otably by the high variance in R (Figures S8b and S9g–h ).
tinction between conductive and non-conductive lines became
ore pronounced than in run A. For conductive lines with
 < 115 J/mm3 , correlations ranged from moderate to very
trong (Figure S9g,i,k,m ), producing J = 87.3% ± 10.0% (R2

 0.77; PCC = 0.88), compared to 82.1% ± 10.5% for regres-
ion. In contrast, for U > 115 J/mm3 , J was 66.1% ± 8.0%
Figure S9h,j,l,n ). As reported in [ 44 ], such small correlations
re typical for nonfunctional samples fabricated with subop-
imal settings. Thereby, even sparse data from such regimes
rovide sufficient foundation for model training. Future improve-
ents for high U should prioritize optimization of the qual-
ty property Q to ensure appropriate energy application. One
pproach involves partitioning a single line into multiple parallel
nes to create rectangular structures [ 36 ], thereby adjusting
 , W , and U accordingly. Such enhancements lay beyond the
cope of this study, but warrant investigation in subsequent
ork. 

verall, the NN-based twofold control explicitly accounts for the
ommon one-to-many relationship between fabrication parame-
ers and product properties. In LIG manufacturing, multiple LBP
ombinations can produce nearly identical functional, dimen-
ional, and quality outcomes owing to the underlying nonlinear
rocess physics. Accordingly, the inverse NN is intended to
dentify a practically useful LBP combination that achieves
he desired LIG properties. Instead of a mere restoration of
he input parameter set, it is designed to verify attainability
f such properties. Furthermore, the inverse NN is antici-
ated to provide an optimized LBP combination that reliably
eproduces the target PP within acceptable tolerances. Thus,
he data-restoration accuracy on Dataset D exhibited optimiza-
ion performance comparable to that obtained on validation
amples (Datasets B and C). This capability highlights poten-
ial applications in inspecting and optimizing process param-
ters as well as designing LIG-based circuitry. The practical
mplications of these findings became evident in the flexible
emonstrator. 

.4 Flexible Demonstrator 

o showcase the model’s effectiveness in real-world applications,
e applied the trained model to predict laser parameters for
argeted LIG properties of a flexible circuitry. Photographs of the
inalized demonstrator are shown in Figure 5a . Target properties
or the LIG electrodes ( 𝑊∗ 

𝐿𝐼𝐺 
≈ 250 µm, 𝑅∗ 

𝐿𝐼𝐺 
≈ 40 Ω/mm, QLIG

 1) were established beforehand, as detailed in Note S2 [ 37–39 ].
sing the inverse prediction workflow (run B in the twofold-
ontrol process), the model generated a single set of LBP ( p =
.2 W, υ = 61.1 mm/s, D = 0 mm) required to achieve these
roperties. The corresponding energy density U fell well within
he conductive-line range, eliminating the need for further design
ptimization. Synthetic control properties ( Rs , Ws , Qs ) derived
rom these LBP values were then evaluated against the targets.
ubsequently, 10 identical LIG electrodes were fabricated using
he predicted parameters, and their actual properties ( Ra , Wa , Qa )
ere measured (Dataset E [ 32 ]). 
dvanced Materials Technologies, 2026
Comparison revealed high prediction accuracy, with joint accu-
racy Js = 94.6% for the synthetic properties and Ja = 95.9%
± 1.5% for the measured ones. Table 2 presents the prediction
and evaluation results across operational stages. The fabricated
electrodes exhibited a measured linear resistance of 39.7 Ω/mm ±
2.3 Ω/mm, closely aligning with the target. The completed circuit
operated stably at 5 V, powering the LED without degradation
over 100 cycles and demonstrating mechanical flexibility under
bending, as illustrated in Figure 5b,c . These outcomes confirm the
model’s value for rapid process optimization in flexible electron-
ics. The successful demonstration underscores the advantages of
the proposed approach when compared to methods reported in
the literature. 

2.5 Comparison to Literature 

Prior research on ML applications in LIG and related fab-
rication processes has focused on sophisticated models that
prioritize interpretability and precision, often at the cost of
practicality. A multitude of evaluation metrics across studies
complicates direct comparisons, particularly for a non-academic
audience. Reported accuracies vary from 80.0% to 96.6% for
regression-based tasks, and from 95.4% to 98.0% for classification
tasks. The lower 59.0% accuracy in [ 31 ] differs notably, as
researchers attained it with solely physically manufactured data
without supplementary modeling—similar to the raw, unen-
hanced strategy in the present work. Bidirectional workflows
capable of predicting between process parameters and prod-
uct properties in both directions appear only in that same
investigation [ 31 ]. 

Most studies adopted white- or graybox methodologies, with
six using standard ML techniques [ 11–13, 24, 25, 27 ] and five
utilizing more complex DL models [ 23, 28–31 ], two of which
integrated image transformation [ 23, 30 ]. Physics-informed
or digital-twin frameworks, including physics-informed NNs,
featured in six works [ 13, 23, 24, 29–31 ]. They typically
7 of 15
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TABLE 2 Demonstrator prediction and evaluation: Operational stages, related variables, and their values. 

① ② ③ ④ ⑤ ⑥ 

Target properties Laser-beam 

parameters, 
predicted from ① 

(n = 1) 

Control synthetic 
properties, 

predicted from ② 

(n = 1) 

Prediction 

accuracy [1], 
from ① and ③ 

(n = 1) 

Actual properties, 
measured 

upon fabrication 

via parameters from ② 

(n = 10) 

Prediction 

accuracy [1], 
from ① and ⑤ 

( n = 10) 

𝑅∗ 
𝐿𝐼𝐺 

= 40.0 Ω/mm P = 9.22 W Rs = 35.8 Ω/mm 0.895 Ra = (39.7 ± 2.3) Ω/mm 0.948 ± 0.019 
𝑊∗ 

𝐿𝐼𝐺 
= 246.9 µm υ = 61.11 mm/s Ws = 261.0 µm 0.946 Wa = (230.1 ± 7.6) µm 0.932 ± 0.031 

QLIG = “1” D = 0.0 mm Qs = “1” 1.0 Qa = “1” 1.0 ± 0.0 
Joint values U = 76.84 J/mm3 Js = 0.946 Ja = 0.959 ± 0.015 

TABLE 3 Comparison of key attributes of our and reported ML models. 

Aspect Present work Reported works [ 11–13, 23–25, 27–31 ] 

Model type Blackbox MLP Various: physics-informed and complex ML 
Dataset size [samples] 500 unfiltered moderate-quality ( %RSD* 

> 0.33) 
≫ 10,000 unfiltered moderate-quality ( %RSD* 

> 0.33), or 103–648 filtered high-quality 
( %RSD* < 0.33) 

Data preprocessing None: data are ready to use ‘as is’ immediately 
after collection 

Filtering, augmentation, or physics constraints 
require up to several days after initial data 

collection 
Model complexity Single MLP, non-physics-informed, and 

non-analytical model 
Multi-NN, physics-informed NN, digital-twin, 

or hybrid analytical models 
Bidirectional capability Yes Only unidirectional, except for [ 31 ] 
Prior knowledge 
required 

None: usage of conventional data, no complex 
data processing or modeling, no sophisticated 

ML model preparation or integration 

Extensive: special expertise in the data 
collection, data processing, physics-informed 
data modeling, ML model preparation, and 

implementation 
Resource intensive No: model training on an average PC is feasible; 

several hours are required for data collection, 
model preparation, and model training 

Yes: training of complex models requires an 
increased computing power; preparation and 

training of complex models, and 
physics-informed data modeling require several 

days to weeks. 
Accuracy [ 1 ] R2 = 0.74–0.96 

PCC = 0.86-0.98 
0.80–0.98, depending on data quality; 
0.59 for a comparable approach in [ 31 ] 
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nvolved prior data modeling, enhancement, or filtering to
oost performance, except in [ 31 ]. Although such preprocess-
ng improved apparent predictive capabilities, it substantially
ncreased labor and complexity. Studies that relied on raw
ata instead required large datasets of up to 883 000 samples
 27–30 ], demanding considerable resources for acquisition and
anagement. 

n contrast, the present study employed a lightweight blackbox
L model based on an MLP, eliminating preliminary physics-
ased analysis or data refinement. Compared to prior studies,
ur blackbox MLP approach distinguished itself through sim-
licity and efficiency in LIG prediction. Table 3 compares its
ey attributes with representative physics-informed or complex
L/DL models. With an untreated dataset of 500 high-variance
amples, the approach achieved prediction accuracies up to 95%.
of 15

e

Alongside, R2 and PCC values ranging from 0.74 to 0.98 indicated
strong to very strong agreement between predicted and measured
results. These outcomes match or exceed those from more elabo-
rate ML methods in the literature, while the present technique
requires far less specialized equipment, domain expertise, and
preparatory effort. For instance, a comparable approach reported
in [ 31 ] demonstrated accuracy of 0.59 on a physical yet smaller
untreated dataset. Detailed attributes of the NN from prior works
appear in Note S3 and Table S7 , with extreme comparisons
illustrated in Figure 3 . 

3 Conclusion and Future Work 

This study presents a novel adaptation of blackbox deep learn-
ing as a streamlined, non-analytical approach for bidirectional
Advanced Materials Technologies, 2026
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rediction in LIG fabrication. Utilizing a simple multilayer
erceptron trained on a modest dataset of 500 raw samples, it
ypasses incorporating domain-specific knowledge. Achieving
oint accuracies of up to 95% on validation samples and 96%
or flexible circuitry, the proposed method serves as a practi-
al alternative to resource-intensive whitebox frameworks that
ely on physics-based or deterministic submodels for enhanced
xplainability. While such sophisticated approaches are ideal for
ighly complex, safety-critical processes, the narrower complex-
ty of LIG fabrication favors simplified, but cost-effective blackbox
odels. By enabling optimization of process parameters to attain
esired product properties, this integration of machine learning
ccelerates automated data processing, reducing optimization
osts and material waste. 

nlike prior studies, which often demanded large datasets,
xtensive preprocessing, or focused solely on forward prediction,
his work demonstrates bidirectional capability on high-variance
ata. This first purely blackbox deep learning application in LIG
anufacturing does not require analytical models or specialized
quipment, and mirrors real industrial constraints. Validation on
inear and rectangular shapes confirms scalability and effective
anagement of energy-dependent morphological variability and
ubstrate fragility. This methodology lowers barriers to machine
earning adoption in small laboratories and high-throughput
ettings, shortening development timelines and broadening LIG
pplications in flexible electronics, surface engineering, and
nergy systems. Future improvements may involve explicit
verlap parameterization, advanced characterization, and model-
yperparameter optimization to address limitations from data
egradation and fabrication inconsistencies. The framework’s
ersatility extends to diverse fields, including industrial produc-
ion, microfabrication, metallurgy, power generation, agriculture,
nd healthcare, by enabling rapid process-output correlations
ithout time-intensive analytical models and unnecessary waste
eneration. 

 Methodology 

.1 Workflows and Datasets 

o accomplish the objectives of the study, several intercon-
ected steps guided the bidirectional prediction approach in LIG
abrication. 

1. Correlated input and output variables were identified and
quantified to establish a foundation for modeling. 

2. A NN was designed and configured for both direct and
inverse predictions, establishing the system to handle for-
ward and backward mapping. 

3. Output data were generated through NN predictions from the
input dataset, simulating potential outcomes. 

4. A series of LIG samples was produced using the NN-derived
parameters to test real-world applicability. 

5. The NN-predicted values were compared against physically
measured variables, evaluating prediction accuracy, and
accounting for data variance to assess overall reliability. 
dvanced Materials Technologies, 2026
LBP and PP served as interchangeable input and output data for
these predictions. Specifically, they included: 

a. LBP: laser-beam power P [W], movement speed υ [mm/s],
and defocus D [mm]; and 

b. PP: linear electrical resistance R [ Ω/mm] as a functional
attribute, dimensional width W [ µm] as a geometric char-
acteristic, and conductivity-specific quality Q {“0”, “1”} as
a binary indicator of the LIG’s overall suitability. Thus,
R represented functional, W dimensional, and Q quality
properties of the lines. 

In this framework, shown in Figure 6 , the direct workflow (“sig-
nal to properties”) used LBP inputs to estimate PP outputs, while
the inverse workflow (“properties to signal”) reversed this by
deriving LBP from desired PP. These processes facilitated efficient
parameter optimization without extensive manual adjustments,
addressing the challenges of complex process setups in resource-
limited settings. The prediction direction depended on the dataset
combination, as shown in Figure 6a,b . Both processes required
physical sample fabrication using provided or predicted LBP. 

Only LIG properties PP were directly measurable, which shaped
the workflow design. Ultimate NN prediction accuracy arose from
comparing NN-predicted PP (in direct prediction, Figure 6a ), or
required PP (in inverse prediction, Figure 6b ) against measured
(ground-truth [ 40 ]) values. Use of the same NN across both
workflows facilitated bidirectional parameter adjustment. Train-
ing data, collected from fabricated and characterized samples,
included known LBP and associated PP. Therefore, the data
were equally suitable for both direct and inverse predictions—
i.e., bidirectional. Validation of NN-predicted values employed
a twofold-control workflow, indicated in Figure 6c . During that
synthetic reconstruction, the two separately pre-trained NNs on
identical bidirectional training data performed double conversion
of random inputs. Run A examined LBP→ PP→ LBP conversion;
run B focused on PP → LBP → PP. Unlike physically produced
validation samples, inputs and outputs in these runs allowed
direct comparison. This dual method resembles the CycleGAN
architecture applied in generative ML [ 41–43 ]. 

Datasets supporting these workflows included Dataset A [ 32 ] for
initial model training, Dataset B [ 32 ] for model validation on
simple linear structures, and Dataset C [ 32 ] for model validation
on more complex rectangular structures required for a transition
from simplistic samples to elaborated patterns. Parameter and
property ranges for both types of validation samples are indicated
in Table S1 , with random generation within specified limits
to ensure broad coverage. In addition, Dataset D [ 32 ] enabled
model validation using a twofold synthetic reconstruction of
input variables. 

4.2 Sample Design 

The physical samples comprised linear and rectangular LIG
structures on polyimide substrates, designed to generate a range
of quality levels for thorough model testing and validation, as
depicted in Figure 7 . Each line measured 10 mm in length with
a one mm axial spacing. A group of five parallel lines to be
9 of 15
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FIGURE 6 Schematics illustrating the neural network-based prediction workflows and accuracy evaluation for laser-induced graphene (LIG) 
fabrication. (a) Direct-prediction workflow, in which laser beam parameters (LBP) serve as inputs to predict process properties (PP). (b) Inverse- 
prediction workflow, in which desired PP are used as inputs to estimate the required LBP. (c) Twofold-control workflow for evaluating prediction accuracy 
through synthetic reconstruction, where two separately pre-trained neural networks operate sequentially on identical bidirectional training data without 
physical sample fabrication. In (c), index “a” denotes actual input data, and index “s” denotes synthetic output data. 
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abricated under identical laser parameters built a set, depicted
n the generic digital layout in Figure 7a . These groups formed
 matrix on the substrate, organized by varying laser settings, as
n Figure 7b . Thus, the outcomes were expected to span from
nformed structures under low energy to damaged ones under
igh energy [ 1, 3 ]. Progression from this basic linear pattern to
unctional devices required a gradual design evolution. Simple
ines provided core insights into isolated LIG, while rectangles
imulated conductive areas linked through line intersections.
his stepwise increase in complexity facilitated the shift from
ndividual elements to complex geometries. Further, it supported
tepwise assessment of prediction accuracy, evolving from basic
orms to elaborated devices, common in flexible electronics. 

he strategy had to demonstrate whether simplistic line-based
raining data effectively guide the optimization of complex
hapes, accelerating data acquisition and automated design
mprovements without requiring shape-specific datasets and
haracteristics. Rectangular patterns formed from overlapping
arallel lines [ 36 ], with a schematic depicted in Figure 7c .
hese line intersections resulted from defocus-induced beam
xpansion, as illustrated in Figure 1d . Overlapped areas thus
eceived double exposure, leading to a more complex substrate
raphitization that our straightforward model had to address.
o showcase practical application, we designed a flexible circuit
demonstrator) that integrated LIG electrodes as current-limiting
inear resistors, coupling a light-emitting diode (LED) with a
ower source. The electronic schematic appears in Figure 7d , and
he targeted LIG properties derived from Equations (S1)–(S3) in
ote S2 . 
0 of 15
4.3 Materials and Equipment 

PI film (Kapton 300HN, DuPont, 75 µm thick) served as a
substrate for LIG formation. Borosilicate glass plates (Borofloat
33, Schott AG, 2 mm thick, 100 × 100 mm2 ) were used as support
and confinement. The fiber-laser system (PIRANHA, ACSYS
Lasertechnik GmbH, 1064 nm wavelength, maximum power
20 W, frequency 20 kHz, pulse duration 2 µm, unidirectional
patterning mode) was employed for sample manufacturing.
A commercially available conductive varnish (47% silver, VS
Electronic Vertrieb GmbH) was applied on validation rectangles
and for demonstrator manufacturing. An orange-colored LED
(model APDA3020LSECK/J4-PF, Kingbright Electronic Europe
GmbH, VLED = 1.8 V, ILED = 2 mA) was applied for the demon-
strator. A standard 5VDC USB-A port was used as a power
source. 

Optical microscopy and measurements were conducted using the
Keyence VHX-7000 digital microscope. Electrical measurements
were performed via the LCR-meter BK891 (B&K Precision Corp.),
and a manual probe station Cascade MPS150 (FormFactor Inc.)
equipped with two positioner kits DPP210. Training, validation,
and testing were conducted on a system equipped with 256 GB of
RAM, a 32-core processor Ryzen Threadripper 3970x (64 logical
cores), and an NVIDIA TITAN RTX GPU with 24 GB VRAM
(driver version 537.42, CUDA 11.8), running 64-bit Microsoft
Windows 11 Enterprise (version 22H2). Eight CUDA workers were
used during training, with one worker allocated for validation
and testing. Implementation was performed in Python 3.12.8 with
PyTorch 2.5.0. 
Advanced Materials Technologies, 2026

e C
om

m
ons L

icense



FIGURE 7 Designs of physical samples and a functional demon- 
strator illustrating the progression from basic laser-induced graphene 
(LIG) patterns to complex devices on polyimide substrates. (a) Digital 
layout of a lineset consisting of five parallel single lines and the corre- 
sponding laser-patterning procedure. (b) Matrix arrangement of linesets 
on a substrate, grouped according to identical laser beam parameters. 
(c) Schematic of the validation rectangle formed by a single digital 
lineset, including the locations where conductive silver-based varnish is 
subsequently applied to connect individual lines. (d) Electronic schematic 
of the demonstrator circuit, in which machine learning predicts and 
controls the fabrication parameters of two identical LIG electrodes to 
achieve predesigned current-limiting resistances RLIG . 
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FIGURE 8 Fabrication of laser-induced graphene (LIG) samples on 
polyimide substrates. (a) Schematic of the laser-patterning process and 
the substrate assembly confined between two glass plates. (b) Example of 
bulky LIG delamination occurring in an open-air configuration, showing 
helical structures. (c) The ACSYS PIRANHA fiber-laser system used in 
this work. Inset: substrate assembly (100 × 100 mm2 ) positioned on the 
equipment table during laser patterning, with the laser beam visible in the 
top-left area. (d) Example of non-bulky LIG delamination after manual 
removal of a glass plate, where detached lines adhere to the glass plate 
placed on bonded fabric. (e) Validation rectangle sample with conductive 
varnish manually applied to the line ends for electrical connection. 
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.4 Fabrication and Characterization Procedures

IG samples were produced on PI substrates confined between
wo borosilicate glass plates. Such standardized assembly, illus-
rated schematically in Figure 8a , prevented substrate warping,
nsured uniform laser exposure and consistent defocus, mini-
ized thermal deformation, and protected the equipment bed
rom stray radiation. This confinement approach avoided bulky
IG delamination—visible in Figure 8b and typical of open-air
onfigurations—improved fabrication consistency, and enhanced
raphitization density [ 1, 3 ]. Borosilicate glass absorbs approx.
% to 10% of the laser energy at 1064 nm and causes minor
iffraction. However, these effects remained uniform across
amples due to consistent procedures, with associated variance
ncorporated into the unfiltered training data. Laser pattern-
ng involved varying power P (0.5–20 W), scanning speed υ
50–500 mm/s), and defocus D ( − 5 to + 5 mm) to modulate
nergy density U . This setup enabled fabrication of single
ines and rectangular patterns with targeted LIG properties.
he fiber-laser system and glass confinement are shown in
igure 8c . 

fter lasing, glass plates were removed manually without mea-
ures to prevent non-bulky LIG detachment, as demonstrated in
igure 8d . Such partial delamination, better visible in Figure S2,
3b–c , and S4c,d , reflected real-world conditions and enhanced
odel robustness, as it increased resistance variance, but was
dvanced Materials Technologies, 2026
retained in the data. Then, samples were transferred or char-
acterized in situ. For lines, width W was measured by optical
microscopy, encompassing both the LIG core and surrounding
transitional zones. Linear electrical resistance R was determined
with a probe station. Both attributes involved 5 to 15 points
per line, which were subsequently averaged. For rectangular
samples, direct measurement of individual line resistance and
width proved impractical due to line overlaps. Therefore, line
ends received conductive varnish to connect all lines uniformly,
as in Figure 8e , and rectangles were considered as a set of parallel
resistors. 

4.5 Data Collection and Evaluation 

During sample characterization, measured properties of LIG
samples were linked to the corresponding lasing parameters.
The applied laser energy density U was derived from these LBP
using Equations 1–4 . This step provided a standardized metric
that facilitated consistent evaluation of properties across various
energy levels [ 44 ]: 

𝑈 = 𝑃 

𝜐 ⋅ 𝐴𝐹 

⋅
1 

Δ𝐴𝐹 ( 𝐷) 
,

[ 
𝐽 

𝑚𝑚3 

] 
(1)
11 of 15
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FIGURE 9 Schematic of the data-collection workflow for laser-induced graphene samples. For each fabricated sample, the applied energy density 
U is computed from the corresponding laser beam parameters. Following manual evaluation and characterization, the collected data are grouped by U 

values, with mean values and standard deviations calculated for each group. These interrelated data points are then compiled into datasets suitable for 
subsequent analysis and application. Standard deviations are assessed for most properties but are of limited applicability to the binary quality indicator 
Q . 
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here AF is the laser-beam cross-sectional area in the laser-focus
oint F : 

𝐴𝐹 =
𝜋

4 
⋅ 𝑑2 

𝐹 ,
[
𝑚𝑚2 

]
(2)

nd ΔAF ( D ) is the defocus-induced increase of AF near F : 

Δ𝐴𝐹 ( 𝐷) = 𝜋

4 
⋅ 𝑐2 

𝐷 ,
[
𝑚𝑚2 

]
(3)

ith dF = 50 µm is the nominal laser-beam diameter in F , and cD
s an empirical coefficient of the dF increase near F , with respect
o D : 

𝑐𝐷 = 1 + 0 . 1 ⋅ |𝐷| , [ 1] , |𝐷|< 

≈
0 . 7 𝑚𝑚 (4)

onductivity-specific quality Q served as a binary indicator: it was
et to “1” for LIG lines that successfully formed and exhibited
onductivity, and “0” for those that did not form, were burned,
r were otherwise damaged. Any line showing a resistance
 ≥ 5 k Ω/mm qualified as non-conductive. 

or validation rectangles, the equivalent resistance Req for the
arallel resistor configuration was computed via Equation 5 ,
ased on dimensions L = 10 mm and H = 4 mm, as depicted in
igure 3c : 

𝑅𝑒𝑞 =
𝑅 ⋅ 𝑊 ⋅ 𝐿 

𝐻 ⋅
√

2 
[ Ω] (5)

he overall data collection workflow, shown in Figure 9 , pro-
eeded as follows. For each fabricated sample, U was first calcu-
ated from its LBP. Samples then underwent manual evaluation
nd characterization. Collected data were grouped according to
 values, with mean values and standard deviations determined
or each group. These interrelated data points were compiled into
ohesive datasets ready for further analysis. Standard deviations
pplied to most properties, although they held limited relevance
or the binary nature of Q . 
2 of 15
4.6 Metrics 

To address the challenge of comparing results across studies
(stemming from the wide variety of metrics reported in the liter-
ature), a comprehensive set of evaluation metrics was employed
in this work. 

The variance of the training data was estimated using an unbiased
relative standard deviation ( %RSD* ), as defined in Equation 6
[ 33 ]. %RSD* scores exceeding the critical threshold % 𝑅𝑆𝐷∗ 

𝑐 𝑟 𝑖𝑡 

= 0.33 signify high variance, and typically necessitates data-
improvement techniques, such as filtering [ 34, 35 ]. However, no
such operations were applied in the present study: 

% 𝑅𝑆𝐷∗ =
( 

1 + 1 

4 𝑛 

) 

⋅
𝑠 

𝑥̄ 
, [ 1] (6)

where n , s , and 𝑥̄ represent the number of samples, the standard
deviation, and the arithmetic mean, respectively. 

Prediction accuracy ( accP ) served as the primary metric. For each
evaluated variable X , it was calculated in the range [0, 1] as the
min-to-max normalized ratio between its NN-predicted values
( XNN ) and the reference values ( XRef ), according to Equation 7
[ 44 ]: 

𝑎 𝑐𝑐𝑃 ( 𝑋) =
min 

(
𝑋𝑁𝑁 , 𝑋𝑅 𝑒 𝑓 

)
max 

(
𝑋𝑁𝑁 , 𝑋𝑅 𝑒 𝑓 

) , [ 1] (7)

Analogously, trend correlation ( accT ) quantified the alignment of
XRef values with statistically expected values ( XT ), based on the
distribution trend of XRef , as given in Equation 8 . This metric
allowed assessment of changes in data variance as a function of
U . Values of accT also ranged from 0 to 1, with 1 denoting perfect
agreement between the actual and expected values: 

𝑎 𝑐𝑐𝑇 ( 𝑋) =
min 

(
𝑋𝑅 𝑒 𝑓 , 𝑋𝑇 

)
max 

(
𝑋𝑅 𝑒 𝑓 , 𝑋𝑇 

) , [ 1] (8)
Advanced Materials Technologies, 2026

 C
om

m
ons L

icense



FIGURE 10 Architecture and operation of the neural network used for bidirectional prediction in laser-induced graphene fabrication. (a) 
Operating principle, in which a plain neural network functions as a set of interconnected linear transformations linking input and output variables 
to form a numerical blackbox prediction model. The number of variables (features) is defined by the model architecture, while the coefficients of the 
linear equations remain not human-interpretable. (b) Workflow schematic showing min-max normalization of input data, followed by six stepwise 
transformations in the sequences of hidden layers. The resulting values are de-normalized using additionally transmitted normalization factors to 
produce the output data. 
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or the twofold control, restoration accuracy ( accR ) was deter-
ined by directly comparing the original input ( Xin ) with the
estored output ( Xout ): 

𝑎 𝑐𝑐𝑅 ( 𝑋) =
min ( 𝑋𝑖𝑛 , 𝑋𝑜𝑢𝑡 ) 

max ( 𝑋𝑖𝑛 , 𝑋𝑜𝑢𝑡 ) 
, [ 1] (9)

o evaluate the central tendency of the NN prediction for
asing parameters LBP or LIG properties PP, the corresponding
ccuracies—accP , accT , or accR , treated as normalized results—
ere combined using the geometric mean [ 45 ]. This yielded a
oint accuracy J that integrated the accuracies of interrelated
ariables acc(X) : 

 =
⎡ ⎢ ⎢ ⎢ ⎣ 

3 ⋅𝑘 
√

𝑎 𝑐 𝑐 ( 𝑃) ⋅ 𝑎 𝑐 𝑐 ( 𝜐) ⋅ 𝑎 𝑐 𝑐 ( 𝐷) , 𝐿𝐵 𝑃 ∶ 𝑎 𝑙𝑙 𝑑 𝑎 𝑡𝑎 𝑠 𝑒 𝑡𝑠 
3 ⋅𝑘 
√

𝑎 𝑐 𝑐 ( 𝑅) ⋅ 𝑎 𝑐 𝑐 ( 𝑊) ⋅ 𝑎 𝑐 𝑐 ( 𝑄) , 𝑃 𝑃 ∶ 𝑑 𝑎 𝑡𝑎 𝑠 𝑒 𝑡𝑠 𝐴, 𝐵 , 𝐷, 𝐸 

2 ⋅𝑘 

√ 

𝑎 𝑐 𝑐
(
𝑅𝑒𝑞 

)
⋅ 𝑎 𝑐 𝑐 ( 𝑄) , 𝑃 𝑃 ∶ 𝑑 𝑎 𝑡𝑎 𝑠 𝑒 𝑡 𝐶 

, [

(10)
here k denotes the number of sequential NNs involved. Here,
 = 1 for the direct and inverse prediction workflows, and k = 2
or the twofold control. 

inear regression analysis [ 46 ] was performed on datasets A–E
o examine the relationship between input and output variables,
nd to demonstrate its inferior predictive performance relative
o the proposed approach. Additionally, the coefficient of deter-
ination (R2 ) assessed model fit to the ground-truth data, while
he Pearson correlation coefficient (PCC) measured the linear
ssociation between actual and predicted values. Both metrics
ere interpreted using the Chaddock scale, with thresholds
efined as follows: > 0.9 (very strong), 0.7–0.9 (strong, indicating
eliable predictions), 0.5–0.7 (moderate), 0.2–0.5 (weak), and < 0.2
negligible) [ 47, 48 ]. 
dvanced Materials Technologies, 2026
4.7 Neural Network 

The developed NN facilitated direct numerical mapping from
input to output variables, as depicted in Figure 10a . Lasing
parameters (LBP: laser power P [W], speed υ [mm/s], and defocus
D [mm]) and LIG properties (PP: linear electrical resistance R
[ Ω/mm], dimensional width W [ µm], and conductivity-specific
line quality Q [ 1 ]) were interchangeably used as inputs and
outputs depending on the prediction direction. The NN formed a
blackbox prediction model comprising a series of linear transfor-
mations (i.e., equations). The number and dimensionality of these
transformations were determined by the NN architecture. During
training, the coefficients of the related linear equations were
automatically computed and optimized to maximize predictive
performance. The architecture and operational workflow of the
NN are illustrated schematically in Figure 10b . 

The architecture consisted of input (blue-dashed frame) and
output (red-dashed frame) layers for the respective datasets, along
with six hidden layers (MLP, black-dashed frame). These hidden
layers formed the core blackbox component. Six linear layers
functioned as feature-transforming equations, interconnected by
LayerNorm normalization and LeakyReLU activation function
(negative slope of 0.01) for data transfer [ 44 ]. Sequences 1.1
through 1.5 were identical, except for the number of features in
their linear layers. In the final Sequence 2, a Sigmoid activation
function constrained the output to range [0, 1], acting as a smooth
and differentiable filter. 

To prevent sigmoid saturation, linear layers were initialized
with weights uniformly sampled from [( − 1)/ √y; 1/ √y], where y
denotes the number of input features; and biases were set to 0.01.
Batch normalization of intermediate results further contributed
to stability. Normalization factors, computed individually for
each variable before training, were concatenated to the input
data to facilitate accurate de-normalization in the output layer.
13 of 15
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hus, a faithful reconstruction of the original variable ranges was
nsured. 

nput data were min-max normalized to the range [0, 1] before
rocessing in the hidden layers. Then, the feature dimensionality
ncreased progressively from three to 128, doubled stepwise
o 2048, and then reduced back to three. After final de-
ormalization, the NN emitted predicted values for the target
ariables: PP or LBP, depending on the prediction direction. 

raining employed the mean absolute error (L1 loss) scaled by an
mpirical factor λ= 103 , combined with the AdaM optimizer and a
inusoidal gradient descent [ 49–51 ]. The learning rate decreased
radually from 2 × 10− 5 to 1 × 10− 5 over 125 epochs. After each
poch, validation was performed on 10 randomly selected training
amples. The training dataset (Dataset A) was randomly divided
nto 90% training and 10% validation subsets. Upon training, the
N was evaluated on independent validation datasets (Datasets
 and C). 
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