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Abstract Material and Methods
This work presents and evaluates two The POD-ANN model is constructed from a database

complementary model order-reduction strategies:
POD-ANN and a physics-driven surrogate model, for
strongly coupled thermo-mass-mechanical systems.
Using high-fidelity cooking simulations as a case
study, both approaches achieve substantial
computational speed-ups while preserving dominant
thermal, transport, and deformation mechanisms,
enabling fast prediction and parametric exploration.

Introduction

Model order reduction (MOR) provides an efficient
pathway to accelerate nonlinear multiphysics
simulations that are otherwise computationally
intensive. In this work, two fundamentally different
MOR methodologies are developed and evaluated:
(1) a projection-based POD-ANN reduced order
model, and (2) a physics-driven surrogate model
calibrated through Bayesian inference. Although
both aim to reduce computational cost, they rely on
distinct principles. One on data-driven projection of
high-fidelity fields, the other on simplified
mechanistic relationships and therefore offer
complementary advantages. These two reduction
strategies enable fast prediction, parametric
exploration, and generalization both within and
beyond the calibration domain.

To assess their capabilities, the two methodologies
are applied to a representative food-cooking process
involving coupled heat and moisture transfer,
evaporation and shrinkage during pan cooking. This
scenario constitutes a demanding benchmark due to
its strong multiphysics coupling, nonlinear

behaviour, and evolving geometry.

of  full-order  simulations, enabling  fast
reconstructions within the parameter space spanned
by the snapshots. In this strategy [1], solutions #(ui)
€ R" from varying inputs x € RP are collected into a
snapshot matrix U € R™N. A singular value
decomposition (SVD) of U yields a basis @ € R™
that captures approximately 95% of the variance.
Solutions are projected and reconstructed as:

0 =& ui) W@ =d 04w (1)
Using this decomposition, the coefficients 87 € R"
are used to train a neural network that approximates
the mapping p ~ 0.

In contrast, the physics-driven surrogate relies on
simplified constitutive laws fitted to experimental
and simulated data, providing robust extrapolation
and extremely low evaluation times. This surrogate
model, built upon domain expertise, reduces the
thermal and mechanical description to the dominant
mechanisms while maintaining predictive accuracy.
Thermal and moisture induced deformations are
represented as:

Er=a (T* Tref)lj Eew™ ﬂMW(CW — Cw,rej)l3 (2)
where &r and &, are the deformations due to
temperature gradient and water concentration
gradient, 7, and c., s are the reference temperature
and water concentration which do not produce any
deformation, and a and f are coefficients that govern
each deformation mode. These coefficients are
estimated using a Bayesian fitting framework. The
total deformation is considered as the sum of these
two contributions.

Model fit is evaluated using NRMSE (Normalized
Root Mean Square Error), R? and a modified Akaike
Information Criterion (AIC(tc)) [2] penalizing high
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computational time:
AIC(t) = n In(MSE) +2 t. (3)

where 7 is the number of samples compared and ¢. is
the time each simulation has lasted.

Results

Reduced models' evaluation reveals their capability
to accurately approximate the full-order solutions
[3,4] while reducing computational cost.

For a dataset of 400 different cooking conditions, the
POD model, when compared with high-fidelity
model results, achieves NRMSE and R’ values shown
in Table 1.

The surrogate model has been compared using a
modified Akaike Information Criterion, AIC(t.),
which incorporates simulation time as a relevant
penalty term. AIC(t.) values for both the high-fidelity
model and the surrogate are computed with respect to
the experimental data, demonstrating a real speed-up
in computational cost. For a specific case study, the
resulting 4/C(t.) comparison is shown in Figure 1.

Conclusions

Model reduction substantially reduces computational
time (from 6360 to just above 60 seconds), enabling
the generation of large datasets for neural network
training and supporting real-time predictions. This
allows broader exploration of cooking scenarios and
facilitates deployment in low-resource environments.
By retaining key dynamics, ROMs combined with
data-driven methods offer a practical and accurate

alternative to full models, suitable for industrial food
process optimization.
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Table 1. Error metrics for 400 different scenarios of the behaviour of the POD-ANN Framework

Weight loss [%] Core T [°C] Shrinkage [%] Pan T [°C]
NRMSE 0.0472 +0.0251 0.0507 = 0.0240 0.0528 £ 0.0245 0.0307 £ 0.0200
R? 0.9740 + 0.0233 0.9758 £0.0187 0.9716 £ 0.0258 09116 £0.1031
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Figure 1. Experimental (red line is the mean result, shaded area corresponds to the standard deviation [3]) and both
computational results, high-fidelity model (black line) and physics-based surrogated model (blue line), for a specific cooking
scenario (7 flips in 600 seconds of cooking, dashed lines correspond to flips performed). Modified Akaike Information Criterion
(AIC(tc)) and correlation coefficient (R?) are shown for every variable measured. Each flip shows the current temperature and
the updated shape, with the initial shape rendered in a translucent black domain.
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