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1. Introduction

AM enables the fabrication of complex three-
dimensional structures through layer-by-layer pro-
cessing, its manufacturing processes involve diverse
and complex physical phenomena, making it diffi-
cult to predict the mechanical properties of fabri-
cated parts solely through simulation[1, 2]. Against
this background, the optimization of manufactur-
ing process parameters using automated and au-
tonomous experimental systems has gained atten-
tion as an effective approach, with numerous stud-
ies reported in recent years. For instance, Gongora
et al. combined Bayesian optimization with auto-
mated testing in Fused Deposition Modeling (FDM)
to optimize structural parameters, discovering high-
toughness structures 18 times more efficiently than
grid search[3]. However, direct optimization based on
process parameters suffers from high device depen-
dency, making it difficult to ensure reproducibility
during scale-up or when switching equipment[4, 5, 6].

To address this challenge, we propose using spec-
tral data as a physicochemical intermediate repre-
sentation between process parameters and mechani-
cal properties. Unlike previous approaches that rely
on expert-defined structural features[7], our method
concurrently acquires spectroscopic and mechani-
cal data, using machine learning to extract property-
relevant features in a data-driven manner.

Here, we apply this methodology to Vat Pho-
topolymerization (VPP), a process favored for high-
precision medical and dental applications|[8]. In VPP,
the printing direction and post-curing critically influ-
ence both mechanical and esthetic properties[9, 10].
While post-curing improves strength by increasing
crosslink density, it simultaneously affects dimen-
sional accuracy and color[11]. Nevertheless, because
complex network microstructures can produce vary-
ing mechanical properties even at identical conver-
sion rates, direct process-to-property prediction re-
mains challenging[12].

In this study, we aim to elucidate the pro-
cess-structure-property relationship in UV-curable
methacrylate resins using an automated platform
that integrates Raman spectroscopy and tensile
testing. A collaborative robot enables continuous,
operator-independent analysis of chemical and me-
chanical properties on the same specimen across
varying layer thicknesses and post-curing conditions.
This setup captures both monomer conversion and
polymer network formation, from which machine
learning extracts property-related spectral features.
By modeling these features against process param-
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Fig. 1: Overview of the automated experimental plat-
form integrating a 6-axis cobot, a Raman spectrom-
eter, and a tensile testing machine.

pick up sample

Raman spectrum & test fractured sample

Fig. 2: Measurement workflow: (1) pickup, (2) Raman
spectral measurement, (3) specimen mounting and
tensile test, and (4) removal of fractured specimen.

eters, we establish an interpretable framework for
understanding how manufacturing conditions dic-
tate final material performance.

2. Method
2.1 Sample Preparation

Specimens were fabricated via stereolithography
(Formlabs Form 3) using Draft Resin V2 following JIS
K7139. Fifteen conditions (N = 3 each) were tested
by varying layer thickness (100, 200 ym), post-curing
temperature (25, 60 °C), and post-curing time (0, 2, 5,
7, 10 min), with non-cured controls included for each
layer thickness.

2.2 Automated Experimental Platform
2.2.1 System Configuration

As shown in Fig. 1, the automated experimental
system consists of a 6-axis robotic arm integrated
with sample holders (10 samples per plate, 9 plates
maximum), a gripping unit, and a fractured speci-
men removal mechanism. Raman spectra were ac-
quired using a palmtop Raman spectrometer (JASCO
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PR-1w), and tensile testing was performed using a
force gauge with measurement stand (Imada ZTS-
500N, MX2-2500N).

2.2.2 Automated Workflow

The workflow begins with defining process param-
eters (layer thickness, post-curing time and tempera-
ture), followed by fabrication of UV-cured specimens.
Raman spectroscopy and tensile testing are then per-
formed on each specimen (Fig. 2), with all data auto-
matically recorded in a database.

2.3 Machine Learning Framework

Spectral-Based Property Prediction PLS regres-
sion with Target Projection (TP) [13] was applied to
predict mechanical properties from Raman spectra,
reducing spectral information to TP scores. The Selec-
tivity Ratio (SR) provides quantitative identification of
wavenumber regions contributing to strength beyond
what is apparent from visual spectral analysis, with
the sign indicating positive or negative correlation.

Process-to-Spectrum Modeling To predict TP
scores from process parameters (layer thickness,
post-curing time, and temperature), we employed
Random Forest (RF) regression. RF was selected for
its ability to capture non-linear interactions between
parameters while maintaining interpretability
through SHAP values[14].

Integrated Analysis Framework By integrating the
above analytical methods, we established a frame-
work to systematically solve the forward problem of
how process conditions alter the spectra and how
those spectral changes affect the mechanical proper-
ties. Specifically, this allows for tracking the informa-
tion flow from Process Parameters — TP Scores —
SR Analysis — Mechanical Properties.

3. Results and Discussion

3.1 Spectral-Based Prediction of Mechanical Properties
Following the automated workflow, Raman spec-

troscopy (2 s integration, 5 accumulations) and ten-

sile testing (10 mm/min) were performed to measure

UTS.

Fig. 3: Two-stage modeling performance for UTS pre-
diction. Left: PLS regression predicting UTS from
spectra. Right: Random Forest regression predict-
ing TP scores from process parameters. Each color
represents a different process condition group.
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Fig. 4: Selectivity Ratio (SR) plot highlighting Ra-
man bands contributing to UTS prediction. Pos-
itive/negative values indicate wavenumbers posi-
tively/negatively correlated with UTS.

PLS regression with two latent variables achieved
high predictive accuracy (R? = 0.86, LOCO-CV Q? =
0.70) (Fig. 3), demonstrating that Raman spectra ef-
fectively capture mechanical property determinants.
Figure 4 shows the corresponding Selectivity Ratio
(SR) plot, highlighting key spectral features: reduc-
tion of unreacted monomers (810, 1400, 1640, 1740
cm™!) and increase in polymer network formation
(970 cm™!) contribute to strength improvement.

3.2 Process-Structure-Property Relationship

Random Forest regression predicted TP scores
from process parameters with R? = 0.95 (LOCO-CV
Q? =0.76). Feature importance analysis revealed post-
curing temperature as the dominant factor (SHAP:
0.67), followed by post-curing time (0.34) and layer
thickness (0.13). This two-stage modeling automati-
cally identified structure-property relationships in a
data-driven manner, enabling physicochemical inter-
pretation of optimal conditions.

3.3 Limitations

The residual 13% unexplained variance likely re-
flects internal structural heterogeneity beyond Ra-
man’s surface-probing depth. While effective for elas-
tic properties, this approach may be less suitable
for highly ductile materials where dynamic fracture
mechanisms dominate.

4. Conclusions

We proposed a two-stage modeling approach using
Raman spectroscopy as a physicochemical interme-
diate between process parameters and mechanical
properties in stereolithography. This framework pro-
vides three key advantages: (1) device-independent
knowledge transfer through spectroscopic descrip-
tors that directly reflect chemical structure (poly-
merization degree, crosslink density), (2) automated,
data-driven identification of property-relevant struc-
tural features without prior expert knowledge, and
(3) transferability to other photocurable systems.
Future work will integrate Raman spectra within
Bayesian optimization frameworks for efficient, non-
destructive process optimization.
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Appendix A: Preprocessing and Model Configura-
tion
A.1Data Exclusion

Samples post-cured at 60°C for 10 min were tested
but excluded from the training dataset, as their ten-
sile strength exceeded the apparatus measurement
limit.

A.2 Raman Spectral Preprocessing
All Raman spectra were preprocessed using Ra-
manSPy [15] with the following sequential steps:

1. Despiking: Whitaker-Hayes algorithm

2. Smoothing: Savitzky-Golay filter (window size: 7,
polynomial order: 3)

3. Baseline correction:  Adaptive iteratively
reweighted penalized least squares (airPLS)

4. Normalization: Standard normal variate (SNV)
transformation

A.3 PLS Regression Configuration
« Number of latent variables: 2

« Cross-validation: Leave-one-condition-out

(LOCO-CV)

A.4 Random Forest Configuration
« Number of trees: 484

» Mean max depth: 5.2
+ Mean leaf nodes: 13.2

« Hyperparameter optimization: Random search
with cross-validation
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