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Metamaterials offer strong potential for lightweight impact mitigation because their architecture can be tailored
to control stiffness, energy absorption, and transmitted stress. However, their practical design remains limited
by the cost of generating large numerical databases and by the difficulty of solving inverse design problems,
where unit-cell parameters must be identified from target macroscopic responses. This study presents an
automated finite element workflow for generating a dataset of periodic truss lattices and training a Unit-
cell Optimization Network (UON) for inverse unit-cell design. Kelvin and octagonal beam-based lattices are
generated parametrically, simulated under dynamic compression, and post-processed to extract four mechanical
descriptors: initial stiffness, plateau stress, densification strain, and absorbed energy. After cleaning, 1376
valid simulations are retained for UON training and evaluation. The inverse model combines regression for
the continuous strut thickness with classification for the discrete unit-cell size, achieving a test RMSE of
0.012571 mm for thickness prediction and a cell-size classification accuracy of 92.7536%. In parallel, a
percolation-inspired study is performed separately from the UON training dataset by randomly removing beams
according to an assigned absence probability. The results show an approximately linear decrease in plateau
stress and absorbed energy with increasing absence probability, while peak stress follows an exponential-
type reduction. These findings demonstrate that automated dataset generation, mixed regression-classification
inverse modelling, and controlled connectivity reduction can support efficient tailoring of lattice energy
absorption performance.

1. Introduction

The demand for lightweight structures capable of dissipating large
amounts of energy while limiting transmitted loads is increasing in
transportation, aerospace, and protective engineering. In these appli-
cations, crashworthiness and impact/blast mitigation require a careful
balance between stiffness, strength, and stable deformation. Func-
tionally graded thin-walled components and cellular architectures are
widely used to tune collapse modes and improve energy absorption [1].
Under impact-like loading, the dynamic response becomes particularly
relevant because early stress peaks and rate-dependent collapse can
dominate transmitted loads. Hopkinson-bar experiments have shown
that architected lattices can distribute impact loading over time and
reduce peak stress, although strong rate effects remain [2]. Comple-
mentary nonlinear finite element studies indicate that beam-based
models can capture key trends and help distinguish intrinsic material
rate effects from structural rate sensitivity arising from topology and
layer-by-layer collapse mechanisms [3]. More broadly, comparisons

among lattice families confirm that the dominant deformation mode,
either stretching- or bending-dominated, governs failure initiation and
strongly affects specific stiffness, strength, and energy absorption [4].
Mechanical metamaterials, defined as architected cellular solids whose
macroscopic response is mainly controlled by microstructural geome-
try, provide a powerful route for tailoring properties beyond those of
the base material. Their foundations are rooted in the mechanics of
natural cellular solids [5], where effective properties depend on relative
density, cell-wall behaviour, and architecture [6]. Additive manufac-
turing has accelerated the development of periodic architectures and
programmable deformation modes, but has also highlighted that high
energy absorption requires careful multiscale design [7]. Hierarchical
concepts, such as dual-scale plate-lattice structures, show how combin-
ing architectures at different length scales can improve specific perfor-
mance under compression [8]. Recent perspectives further emphasize
that data-driven design and optimization will be essential for the next
generation of metamaterial systems [9]. Among architected materials,
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periodic truss lattices are especially attractive because their behaviour
can be controlled through a compact set of design variables, including
unit-cell topology, cell size, strut slenderness, relative density, and
connectivity. Classic analyses show that lattice connectivity governs
the transition between bending- and stretching-dominated behaviour,
with stretching-dominated architectures often providing higher weight
efficiency in stiffness and strength [10]. The octet-truss represents a
canonical stretching-dominated topology, with well-established effec-
tive properties and collapse mechanisms, including the role of strut
buckling [11]. Kelvin-type lattices remain widely used in energy ab-
sorption studies, and experiments confirm their sensitivity to archi-
tectural parameters such as infill and relative density [12]. However,
performance is not governed by topology alone. Unit-cell size, specimen
dimensions, and layout can modify compressive behaviour and strength
convergence, introducing scale and manufacturing-resolution effects
that are relevant for benchmarking and optimization [13]. Distinct
Kelvin-based responses have also been reported in tension and com-
pression [14], while octagonal-based unit cells have been investigated
for crashworthiness-oriented absorbers, showing how geometry-driven
load paths can tune energy absorption [15]. To convert these de-
sign variables into actionable maps, numerical models must balance
physical fidelity with computational scalability. Both three-dimensional
continuum models and beam-based finite element formulations can
reproduce experimental compression trends when geometry, bound-
ary conditions, contacts, and constitutive assumptions are carefully
defined [16]. Validated procedures also show that accurate material
calibration and faithful reproduction of the test configuration are essen-
tial to predict stiffness, peak stress, and post-yield response [17]. Since
large design spaces are expensive to explore with high-fidelity models
alone, reduced-order descriptions that preserve connectivity, such as
lattice and spring-network models, are useful for studying rigidity and
connectivity-driven mechanics [18]. More recently, dataset-generation
frameworks have enabled large metamaterial databases under explicit
geometric constraints [19], while multi-fidelity strategies combining
low-cost simulations with higher-fidelity validation inside Bayesian op-
timization loops have been proposed to accelerate architected-material
discovery [20]. A further requirement for scalable design pipelines
is the robust extraction of macroscopic descriptors from simulated
or experimental stress—strain curves. Lattice responses are commonly
reduced to initial stiffness, plateau stress, densification strain, and
absorbed energy, but these quantities can be sensitive to oscillations,
transient peaks, and discrete collapse events. Controlled smoothing
and regularization can improve the stability of post-processing and
parameter identification [21]. Densification is particularly delicate,
and energy-absorption-efficiency methods provide consistent estimates
while distinguishing onset and densification strains [22]. Under dy-
namic loading, inertia, specimen size, and base-material rate depen-
dence can further modify the apparent crushing stress and complicate
the interpretation of plateau behaviour [23]. These aspects motivate
standardized modelling and post-processing routines so that descrip-
tors remain comparable across large simulation datasets. Once stable
descriptors are available, lattice design can be formulated as an op-
timization or inverse-design problem constrained by performance and
manufacturability. Topology optimization provides a rigorous route for
architected-material design [24], while database-driven comparisons
show that unit-cell choice and arrangement are strongly application-
dependent [25]. Hybrid solid-lattice strategies address component-level
requirements and additive-manufacturing constraints by combining
dense regions with lattice infills [26]. Since iterative search may be
computationally expensive, Bayesian optimization has been used to
guide designs towards tailored responses [27]. In parallel, machine-
learning-assisted genetic algorithms have enabled inverse design target-
ing customized loading curves [28] and improved buckling resistance
in truss lattices [29]. Forward surrogates are also increasingly im-
portant for rapid screening, as highlighted in recent reviews [30];
examples include CNN-based prediction of effective properties from
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limited data [31], end-to-end workflows connecting finite element
datasets to lattice design [32], and surrogate studies extracting in-
sight from simulation databases [33]. Current models are also moving
towards richer outputs, including sequence-aware prediction of full
compressive stress-strain curves [34], graph neural networks that
encode node-edge connectivity and predict deformation or stress—
strain behaviour [35], physics-informed learning for improved data
efficiency [36], and hypernetwork-driven constitutive surrogates adapt-
able across metamaterial families at large deformation [37]. Beyond
deterministic geometric parameterization, connectivity can itself be
treated as a design variable. Percolation theory describes the emer-
gence or loss of system-spanning clusters under stochastic bond or site
removal, linking local connectivity to macroscopic load transfer near
critical thresholds [38]. These thresholds depend on lattice type and
coordination number [39]. Percolation concepts have been applied to
microstructural networks [40] and random fiber systems [41], while
stochastic lattice architectures and defect-tolerant designs show that
connectivity can control stiffness, strength, and deformation-mode tran-
sitions [42]. More generally, defect engineering and mesoscale hetero-
geneity can delay localization and improve post-yield robustness [43].
Simulation-driven approaches targeting prescribed stress-strain signa-
tures further support the idea of enlarging the design space beyond pure
geometric scaling [44]. Despite this progress, several gaps remain. Au-
tomated dataset-generation and multi-fidelity optimization strategies
are available [19,20], but end-to-end workflows that jointly enforce ad-
missible geometry, standardized finite element evaluation, and robust
descriptor extraction are still uncommon at scale [22]. Iterative opti-
mization also remains costly when design variables are mixed, namely
continuous and discrete [24,27]. In addition, percolation-inspired con-
nectivity reduction has rarely been investigated as a controlled design
lever for peak-stress tailoring in energy-absorbing lattices, despite its
direct connection with load-path continuity and defect-tolerant me-
chanics [38,39,42,43]. Finally, simulation-driven strategies targeting
complete or partial stress—strain signatures [44] are still rarely coupled
with reproducible high-throughput workflows and mixed-variable in-
verse tools. This work addresses these gaps by presenting an end-to-end
workflow for impact-oriented lattice design that integrates automated
geometry generation, high-throughput finite element evaluation, stan-
dardized post-processing of crushing descriptors, and mixed inverse
learning. The proposed Unit-cell Optimization Network recovers unit-
cell parameters from target mechanical descriptors by combining re-
gression for continuous strut thickness and classification for discrete
unit-cell size. In addition, a percolation-inspired connectivity-reduction
strategy based on probabilistic beam removal is introduced to tailor
early stress peaks and quantify the associated trade-off in plateau stress
and absorbed energy. Selected higher-fidelity three-dimensional simu-
lations are used to check whether the observed peak-stress reduction
persists beyond the beam formulation.

2. Materials and methods

The workflow developed in this study is implemented in MATLAB
and is conceived as an end-to-end routine for (i) parametrically gener-
ating beam-based lattice metamaterials, (ii) exporting simulation-ready
finite element (FE) input files in series, (iii) post-processing solver out-
puts into compact performance descriptors, and (iv) training an inverse
surrogate (Unit-cell Optimization Network, UON) that maps target
mechanical descriptors back to unit-cell design parameters. Concerning
the part of the workflow dedicated to the generation of the beam-
based lattice metamaterials, two branches are available: a periodic
branch, which constructs lattices by repeating a prescribed unit cell,
and a stochastic branch, which produces spatially random networks
via a Voronoi-Delaunay procedure (Fig. 1); however, the present work
focuses on periodic truss metamaterials based on Kelvin and octagonal
unit cells. In the periodic routine, the unit cell is defined by its nodal
coordinates and beam connectivity (edge list), while the geometric
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Fig. 1. Framework workflow. Periodic routine: (a) The user selects the type of unit cell and defines its geometric parameters (b) The developed code generates
an input for the selected unit cell. (c) The unit cell input file is the input to generate the corresponding lattice structure input file. (d) Finite element analyses
are performed. (b.2) A custom algorithm generates a .stl file building iso-surface around the cell created at step (b). (d.2) The hybrid 1D+3D model is generated.
Stochastic routine: (a.1) The user selects the geometric parameters of the stochastic lattice structure. (c.1) The corresponding lattice structure input file is generated.
(d.1) Finite element analyses are performed. The hybrid 1D-3D branch is retained in the workflow as an optional capability of the framework; in the present

study, the UON dataset is generated from beam-based simulations [45].

Table 1
Main finite element settings adopted for the beam-based simulations used in dataset
generation.

Item Setting

Software and solver
Lattice element type
Compression plates

Specimen dimensions 30 %3025 mm

Abaqus/Explicit 2023, dynamic explicit analysis
B31 beam elements, circular cross-section
Rigid plates discretized with R3D4 elements

PA12 elastoplastic material with rate dependence

Johnson-Cook rate term, C = 0.05, ¢, = 0.02 s!
General contact, hard normal behaviour, rough tangential behaviour
Lower plate fixed; upper plate laterally/rotationally constrained

Material

Density 9.19x 1071 tonne/mm®

Elastic constants E = 1300 MPa, v =0.33

Plasticity Tabulated stress-plastic strain curve

Rate dependence

Contact

Boundary conditions

Loading Prescribed vertical velocity on upper plate
Dataset velocity 35 m/s

Step time 6.2x 107* s for the 35 m/s case

Output extraction

Upper-plate displacement, lower-plate reaction force

degrees of freedom considered for dataset generation include the unit-
cell characteristic length (selected from a discrete set of admissible
cell sizes) and the beam cross-section size (or equivalently, a target
relative density). The full lattice is obtained by periodic replication
of the unit cell along the three directions to match user-prescribed
global dimensions (width, depth, height); when required, the unit-
cell geometry is scaled to ensure an integer number of repetitions
within the prescribed domain; the corresponding beam thickness is
then assigned consistently with the selected design variable or with the
target relative-density condition, depending on the specific generation
mode. The beam lattice is then discretized with one-dimensional el-
ements using a user-defined element size, with automatic assignment
of section properties and material data, and the resulting FE model is
exported to the selected solver in a standardized format together with a
structured metadata record (unique identifier, design parameters, mesh
size, boundary-condition flags, and analysis settings).

For clarity and reproducibility, the main numerical settings used for
the beam-based FE simulations are summarized in Table 1. The table
refers to the high-throughput simulations used for dataset generation;
selected 3D simulations used in the percolation study follow the same
boundary and loading scheme, but replace the beam discretization with

solid elements, as discussed in the corresponding section. The beam
mesh density was defined by subdividing each lattice beam into a pre-
scribed number of elements. To verify that the extracted macroscopic
descriptors were not dominated by the selected beam discretization, a
mesh-density sensitivity check was performed on representative Kelvin
and octagonal configurations in Ref. [46] confirming that the adopted
mesh density is adequate for the high-throughput descriptor extraction
performed in this study.

For applications where local stress fields are required at limited
computational cost, an optional hybrid modelling capability is included
for periodic lattices: a subset of the unit cells can be represented
with three-dimensional solid elements while the rest of the structure is
retained as a beam network. In the present manuscript, this hybrid 1D-
3D strategy is retained in the workflow description only as an optional
capability of the broader framework. The high-throughput dataset used
for UON training is generated from fully beam-based models, while the
selected 3D simulations discussed in the percolation section are used
only as higher-fidelity numerical checks of the peak-stress trend. The
detailed formulation and validation of the hybrid 1D-3D approach are
reported in Ref. [47]. In parallel, the stochastic Voronoi-Delaunay rou-
tine, reported for completeness, builds random lattices by first seeding
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Fig. 2. Schematic representation of the dataset-generation strategy based on discrete unit-cell sizes and cell-size-dependent beam-thickness ranges. The lattice
specimen has fixed global dimensions, while the unit-cell size is selected from an admissible discrete set. For each cell-size class, a dedicated thickness range
(t.r.) is computed to preserve physically meaningful thickness-to-length ratios across the dataset.

points on the top and bottom faces with a minimum-spacing constraint,
supplementing them with a three-dimensional Poisson-disk sampling
within the volume, and finally generating a 3D Delaunay triangulation
whose tetrahedral edges define the beam connectivity; the procedure
returns a spatially random yet well-conditioned network controlled by
lattice size, minimum beam length, and target relative density.
Dataset generation is performed by repeatedly sampling the ad-
missible design space, generating the corresponding lattice geometry,
meshing it, and exporting one FE input file per configuration; this
production in series is orchestrated by a batch driver that logs each
configuration into a parameter matrix and associates it with a unique
simulation identifier to enable traceable database assembly and sys-
tematic exclusion of failed or non-physical realizations (e.g., invalid
geometries, solver divergence, or out-of-bound derived properties). For
periodic Kelvin and octagonal lattices, particular attention is devoted
to ensuring that the sampled beam thickness remains geometrically
consistent across different unit-cell sizes, since naive thickness sampling
would produce unrealistic slenderness ratios (either excessively thin
beams for large cells or overly stocky beams for small cells) and would
bias both the FE response and the learning stage. To address this,
thickness bounds are generated through an explicit scaling procedure
embedded in the dataset routine: for each candidate unit cell and each
discrete cell size, a specific function computes the length of every strut
in the unit cell from the nodal coordinates and connectivity, and scales
these lengths according to the selected cell size, returning a vector of
characteristic edge lengths representative of the resized unit cell. These
scaled edge lengths are then passed to thickness range generator, which
converts geometric information into an admissible thickness interval
expressed as a fraction of a characteristic strut length, thereby enforcing
thickness-to-length ratios that remain within physically meaningful
bounds when the cell size changes. In practice, this step provides
a cell-size-dependent thickness sampling window used by the batch
driver to draw the continuous thickness variable for each realization,
ensuring that the generated models exhibit reasonable proportions and
comparable manufacturability/structural plausibility across all cell-size
classes; when global lattice dimensions are not commensurate with the
nominal cell size, the same scaling logic remains consistent with the
subsequent adjustment of unit-cell scaling to fit an integer number
of replicas and the corresponding update of beam thickness required
to preserve the targeted relative density. The unit-cell size is treated
as a discrete design variable rather than as a continuous parameter.

This choice reflects the way the lattice-generation routine constructs
the specimens: the external dimensions of the lattice are kept fixed at
30 x 30 X 25 mm, while the unit-cell size is selected from a finite set
of admissible values. For each selected nominal cell size, the routine
determines the corresponding number of cell repetitions along the
three spatial directions and applies the necessary scaling to ensure
compatibility with the fixed specimen dimensions. Therefore, the cell
size represents a class label associated with a valid lattice layout,
rather than an unrestricted continuous variable. This also motivates the
mixed formulation adopted in the UON. The unit-cell size is predicted
through multi-class classification because only predefined size classes
are admissible in the generated dataset, whereas the beam thickness
is predicted through regression because it is sampled as a continuous
variable within each cell-size class. The thickness range is not fixed
globally; instead, it is computed separately for each cell size from the
scaled unit-cell edge-length distribution, so that the generated struc-
tures maintain physically reasonable thickness-to-length ratios across
the entire dataset. The complete logic of this procedure is schematically
illustrated in Fig. 2.

Once the FE analyses are completed, solver outputs are post-
processed to extract the macroscopic stress—strain response under the
prescribed loading condition, and a compact set of performance de-
scriptors is computed and stored in an output matrix; these descriptors
include the initial elastic stiffness (E,), representative plateau stress
levels (o), densification strain (g,,,,), and absorbed energy measures
(Eny,), thereby transforming full curves into consistent scalar targets
suitable for learning and inverse design. All four quantities are ex-
tracted from the macroscopic stress—strain curve associated with each
simulation, which is obtained from the solver reaction force and plate
displacement and converted into nominal stress and engineering strain
ase = |u|/Hy and o = F /A, where u is the imposed axial displacement,
H, is the initial specimen height, F is the axial reaction force, and
Ay is the initial loaded area. Prior to feature extraction, the raw curve
is processed by an adaptive pre-trimming step aimed at removing the
initial transient portion in which contact establishment and numerical
noise may dominate. This step relies on a lightly smoothed stress signal
o,(e) (Savitzky-Golay filtering) and on its strain derivative do,/de,
and detects the first index at which either the stress or its derivative
exceeds robust baseline thresholds computed on the initial portion of
the curve (median and median absolute deviation estimators), with an
additional mild hysteresis check to avoid spurious triggers; trimming is
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Fig. 3. Schematic representation of the Unit-cell Optimization Network (UON) used for inverse design. The mechanical descriptors extracted from the stress-strain
curve, together with the one-hot encoding of the unit-cell topology, are used as common input features for two independent neural networks. The first network is
trained as a regression model to predict the continuous beam thickness 7, whereas the second network is trained as a multi-class classifier to predict the discrete
unit-cell size s. The two networks share the same input vector and the same general multilayer perceptron architecture, but they are trained separately and do

not share weights.

Table 2

Summary of the UON architecture and training settings. The UON is composed of two
independent neural networks trained on the same normalized input descriptors: one
regression network for beam-thickness prediction and one classification network for unit-

cell-size prediction.

Item Setting

Input descriptors

Topology encoding
Regression model output
Classification model output
Network coupling

Hidden layers

Neurons per hidden layer 128

[Eos €denss ENaps> 015 k> 1ol

One-hot encoding of Kelvin and octagonal unit cells
Beam thickness ¢

Unit-cell size class s

Two independent networks, no shared weights

3 fully connected layers per network

Activation function
Weight initialization
Batch normalization
Dropout

Regression loss
Classification loss
Input normalization
Thickness scaling
Optimizer

Initial learning rate
L2 regularization
Maximum epochs
Data split
Evaluation metrics

ReLU

He initialization

After the first two ReLU blocks

p = 0.05 before the output layer
Mean-squared error

Cross-entropy loss

Min-max scaling using training-set statistics
Min-max scaling using training-set statistics
ADAM

1073

1073

600

70/20/10 training/validation/test split
RMSE for thickness, accuracy/confusion matrix for cell size

capped to a small fraction of the total samples to prevent excessive loss
of early data. After trimming, the stress curve is filtered again using
an adaptive Savitzky-Golay window (or a moving-average fallback for
short sequences) to obtain a smooth representation ¢ ,(¢) employed in
slope- and plateau-related computations, while the unfiltered curve o(¢)
is retained for energy integration in order to avoid systematic bias in
the absorbed-energy estimate.

The initial elastic stiffness E, is estimated from the early quasi-
linear segment of the response, restricting the analysis to a small strain
interval (¢ < 0.04) and to a limited number of points (typically 8-20
samples) to focus on the elastic regime while maintaining numerical
robustness. Within this window, a monotonicity-based selection re-
tains only the first approximately increasing segment of ¢ ,(¢) (small
stress drops within a tolerance band are allowed), thus preventing
local oscillations from corrupting the slope. Two independent stiffness
estimators are then computed and combined in a conservative manner:
(i) a derivative-based estimator E, obtained as the median value of

do/de over the retained early window (computed through a Savitzky-
Golay derivative when possible, otherwise through a finite-difference
gradient), and (ii) a constrained least-squares estimator Ej obtained
by fitting a straight line anchored at the first point of the selected
segment, i.e. o,(e) ~ Ep(e — &) + oy. The final stiffness is taken as
E, = max(E,, Ep) to avoid underestimation due to smoothing and small
early nonlinearities, and is further capped using a robust upper bound
derived from the distribution of local slopes in the initial segment
(e.g., Ey < 13,Pydo,/4e) to prevent unrealistically large values
induced by residual noise or discretization artefacts. Representative
plateau stress is computed on the filtered curve as the mean stress
within a prescribed mid-strain interval, 6, = (6 /(€)).¢[0.20,0.50> Which
captures the characteristic crushing level while reducing sensitivity to
localized fluctuations; when the curve does not span the full interval,
a fallback evaluation around e ~ 0.30 is adopted to ensure consistent
definition across samples.

Densification strain is determined using an energy-absorption-
efficiency criterion, which provides a robust indicator of the transition
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Fig. 4. As the absence probability p increases, the retained connectivity decreases. Below the critical absence threshold, a system-spanning load path can still
persist, whereas above it, the network tends to fragment and the load-transfer capability is progressively lost.

from progressive crushing to rapid stiffening [48]. The absorbed energy
per unit volume up to a strain level ¢ is computed as shown in Eq. (1).

En(e) = /O o()ds @

The corresponding energy absorption efficiency is defined as the
ratio between the cumulative absorbed energy and the energy absorbed
by an ideal energy absorber when both produce the same peak stress

Gpeak (EQ. (2)). €140y = 1 refers to 100% deformation of the ideal
absorber.
E y o(&)de
wey= E1O__ b @
O peak * 1 Opeak * 1

The densification strain is identified as the strain at which #(e)
reaches its maximum over a physically meaningful post-yield interval,
here restricted to e > 0.35 to exclude the elastic-early plastic regime
and to improve robustness in the presence of small initial oscillations
(Eq. (3)):

Edens = AL ET(?,;(S '1(5) 3)

This definition is complemented in the code by a safeguard that
defaults to the last available strain value if the detected maximum is
ill-posed (e.g., too few points), thereby avoiding empty or non-physical
outputs. Finally, the absorbed energy used as a scalar descriptor is
computed as the area under the stress—strain curve up to densification,
as shown in Eq. (4).

Edens
Engps = En(€ gopns) = / 6(&)dé (©)]
0

Numerically, this is evaluated via trapezoidal integration on the raw
stress signal. In addition to the efficiency-based criterion, a secondary
densification indicator based on the onset of rapid stiffening can be
computed from the slope of the filtered curve at high strains (e.g., for
e 2 0.65), by detecting the first index where do,/de exceeds a frac-
tion of its high-strain maximum,; this auxiliary criterion is used as a
consistency check and as a fallback in edge cases.

The resulting dataset of scalar descriptors is therefore assembled
into a matrix whose columns correspond to (Ey, 0, €gens> Engps) and
whose rows correspond to the simulations retained after the automated
filtering and cleaning stages. The matrix is then employed to train
the Unit-cell Optimization Network (UON) inverse model, which is
formulated as a mixed learning problem reflecting the metamaterial pa-
rameterization: beam thickness is continuous and is therefore predicted
via regression, whereas unit-cell size is selected from a discrete set of
admissible values and is thus predicted via multi-class classification, as
schematized in Fig. 3.

Accordingly, the UON is implemented as a mixed inverse-design
model composed of two independent neural networks trained on the

same input features. The first model is a regression network used to
predict the continuous strut thickness ¢, whereas the second model
is a classification network used to predict the unit-cell size class s.
This separation reflects the different mathematical nature of the two
design variables: 7 is continuous, while s is constrained to a discrete set
of admissible values by the lattice construction and size-compatibility
requirements, as schematized in Fig. 3. The input vector is built from
the mechanical descriptors extracted from each stress—strain curve and
from a topology-conditioning term, i.e.

X = [EO’Edens’ Enabs’ Gpl’tK’tO]’

where 7y and ¢, are a one-hot encoding of the unit-cell family. In
the adopted convention, Kelvin and octagonal lattices are encoded
by assigning the corresponding binary topology indicators. For the
classification task, the cell size is mapped to the closest value in the
admissible set, and samples with cell sizes outside the considered set
are discarded to ensure consistent class labels. Before training, the
input features are normalized using min-max scaling computed only
on the training subset, and the thickness target is scaled with the
same min-max strategy to improve numerical conditioning. The cor-
responding scaling parameters are stored and reused during inference.
Both networks adopt the same multilayer perceptron architecture, but
they are trained separately and do not share weights. Each model
uses three fully connected hidden layers with 128 neurons, ReLU
activation functions, He weight initialization, batch normalization after
the first two ReLU blocks, and dropout before the output layer. The
regression network ends with a single linear output neuron followed
by a regression layer, providing the predicted thickness 7. The clas-
sification network ends with |S| output neurons, where |S| is the
number of admissible cell-size classes, followed by a softmax layer
and a classification layer, returning the probability distribution over
the cell-size classes. The regression network is trained by minimizing
the mean-squared error on the normalized thickness target, whereas
the classification network is trained by minimizing the cross-entropy
loss associated with the cell-size labels. Training is performed with the
ADAM optimizer using an initial learning rate of 10~3, L2 regularization
equal to 1073, and a fixed training/validation/test split with controlled
random seed for reproducible evaluation. Model performance is quan-
tified on held-out test data through regression metrics for thickness,
such as the de-normalized RMSE, and classification metrics for cell size,
such as accuracy and confusion matrix. The main training settings are
summarized in Table 2.

To extend the design space beyond purely continuous geometric
variables, a percolation-inspired defect-generation module is imple-
mented for periodic truss lattices by introducing controlled, stochastic
connectivity reductions. Starting from a fully connected reference lat-
tice, the beam network is represented through its edge list, and each
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Fig. 5. Periodic lattice topologies included in the UON dataset. Beam thickness
and unit-cell size are treated as design variables, whereas the overall lattice
dimensions are fixed. All models feature an internal lattice between two rigid
plates and are subjected to compression at the same constant velocity.

beam is assigned an independent absence probability p. The defective
topology is then generated through a set of independent Bernoulli
trials, in which each edge is retained with probability 1 — p and
removed with probability p, yielding a family of realizations whose
connectivity is progressively reduced while preserving the underlying
spatial embedding and periodic reference architecture (Fig. 4). This
procedure directly mirrors classical bond-percolation on graphs, but
it is applied here to a mechanical lattice, enabling systematic explo-
ration of defective configurations without changing nodal positions
or re-defining unit-cell topology. Controlled realizations are generated
reproducibly by fixing the pseudo-random seed and storing it alongside
the sample identifier, so that each defective lattice can be exactly
reconstructed from (p, seed). In practical use, additional validity checks
can be introduced after beam removal (e.g., removal of isolated nodes,
or verification of a load-path connecting top and bottom faces) to reject
trivially disconnected configurations when required by the loading sce-
nario; when such checks are adopted, the acceptance/rejection outcome
is stored as metadata to ensure full traceability.

3. Results

The workflow described above was employed to generate and anal-
yse beam-based lattice metamaterials with periodic topology, focusing
on Kelvin (Fig. 5(a)) and octagonal (Fig. 5(b)) unit cells to produce
large-scale dataset and train a surrogate model. The lattice specimens
present overall dimensions of 30 x 30 x 25 mm (width, depth, height)
subjected to constant-velocity dynamic compression. The relative den-
sity of 13.7% refers to the representative benchmark configuration used
for model verification and topology comparison. In the dataset used for
UON training, the strut thickness is varied within cell-size-dependent
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admissible bounds, and therefore the relative density varies consistently
with the selected thickness and unit-cell size.

Before the generation of the full dataset, the automated FE mod-
elling chain was verified against a reference Kelvin lattice case avail-
able in the literature. In particular, the geometry, global dimensions,
unit-cell size, material description, boundary conditions, and loading
conditions were selected to reproduce the configuration reported by
Habib et al. [46]. The numerical settings follow the beam-based for-
mulation summarized in Table 1, with B31 beam elements for the
lattice struts, rigid compression plates, a fixed lower reference point,
and a prescribed velocity applied to the upper reference point along the
compression direction. Fig. 6 compares the macroscopic stress—strain
response obtained with the present workflow with the reference result.
The comparison shows that the proposed automated model generation
and post-processing procedure is able to reproduce the main features
of the reference response, including the initial stiffness and the sub-
sequent crushing regime. Small deviations are mainly associated with
differences in numerical implementation, stress-transmission delay, and
curve-processing conventions. This validation case is reported here to
provide a self-contained verification of the FE workflow before its use
for high-throughput dataset generation; a more extended comparison
of the automatic lattice-generation framework is provided in Ref. [45].

Following verification and topology benchmarking, large-scale
dataset generation was carried out for periodic lattices under high
strain-rate loading, and the resulting database was used to train the
UON inverse model. In particular, the dataset was populated through
FE simulations representative of impact-rate conditions (35 m/s), and
surrogate training was limited to fully populated periodic Kelvin and
octagonal lattices (i.e., percolated lattices were analysed separately
and were not included in the UON training set). All dataset specimens
retained the same external dimensions adopted in the verification stage,
to ensure consistency of the extracted macroscopic descriptors. The
unit-cell size was selected from the discrete admissible set s [2.5, 2.8,
3.0, 3.5, 3.8, 4.5, 4.8] mm, where the available values were chosen
to (i) guarantee geometric compatibility with the target specimen size
(integer replication and controlled scaling), and (ii) remain within
additive-manufacturing feasibility constraints, ensuring a sufficient
number of unit cells within the specimen and avoiding feature sizes
below typical printable limits. For each cell size, strut thickness values
were sampled within size-dependent bounds computed automatically
as described in the previous section: the scaled unit-cell edge-length
distribution was first evaluated and then converted into an admissible
thickness interval through the dedicated thickness-range generator,
enforcing physically reasonable thickness-to-length ratios across all
cell-size classes.

A typical macroscopic response obtained from the high strain-rate
compression simulations is shown in Fig. 7. The curve exhibits the
characteristic sequence observed in dynamically crushed cellular mate-
rials, namely an initial elastic stage followed by a peak, a plateau-like
regime associated with progressive collapse, and a final densification
stage marked by a steep stress increase. Starting from the raw stress—
strain history (blue curve), the post-processing routine applies the
smoothing and trimming procedures described in the previous section
(red curve) and automatically extracts the key performance descriptors
used throughout this work. In particular, the initial elastic stiffness
E, is evaluated from the slope of the early quasi-linear segment, the
representative plateau stress o, is computed over a prescribed mid-
strain interval, the densification strain ¢,,,, is identified through the
energy-absorption-efficiency criterion, and the absorbed energy En,,
is obtained by integrating the stress—strain curve up to ¢,,,, (shaded
area). This automated feature extraction is repeated for every simulated
configuration, thereby populating the dataset consistently for each
combination of unit-cell type (Kelvin or octagonal), cell size, and strut
thickness under the selected loading condition. All these parameters
are collected through the automated database assembly driven by the
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Table 3

Composition of the cleaned dataset used for UON training and evaluation.

batch generation/export routine described in the Materials and Meth-
ods section: each parameter sample produces one FE input file and an
associated metadata record, enabling systematic traceability between
parameter space, solver outputs, and post-processed descriptors.

Cell size [mm)]

Kelvin samples

Octagonal samples

Total samples

The distribution of generated designs and responses is summarized

through dedicated dataset-visualization plots. Specifically, Fig. 8 sum-
marizes the distribution of the Kelvin-lattice dataset in terms of the two
design inputs (unit-cell size and beam thickness) and the corresponding
macroscopic descriptors extracted from the 35 m/s simulations. Each
marker represents one simulated configuration; beam thickness and
unit-cell size define the horizontal axes, while the vertical axis reports

2.5 26 94 120
2.8 90 105 195
3.0 105 114 219
3.5 92 109 201
3.8 111 113 224
4.5 117 83 200
4.8 124 93 217
Total 665 711 1376

the extracted descriptor, with the colour map used as an additional

visual cue for the same quantity. The plots highlight clear and smooth
trends across the sampled design space: the initial stiffness and the
plateau stress increase systematically with increasing thickness, with
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thickness and unit cell size as the horizontal axes. Each marker represents one simulated configuration. The reported descriptors are extracted from compression

simulations performed at 35 m/s. Each marker represents a simulated model.
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subjected to 35 m/s compression.

a consistent shift across cell-size levels, whereas the absorbed energy
exhibits a similar monotonic dependence, reflecting the combined ef-
fect of stiffness and plateau level on the area under the stress—strain
curve. In contrast, the densification strain shows a more bounded
response, with values clustered in bands that depend primarily on unit-
cell size and only secondarily on thickness, indicating that the onset
of densification is less sensitive to thickness variations than stiffness-
and stress-related descriptors within the explored domain. To ensure
that the learning stage is informed only by physically meaningful and
numerically reliable samples, the raw simulation set was processed
through an automated cleaning pipeline. This pipeline filters out incom-
plete or solver-failed analyses, removes samples with missing values or
corrupted curves, and enforces admissible-domain constraints derived
from the intended design space. After cleaning, 1376 simulations were
retained as valid samples for surrogate training and evaluation. The
composition of the cleaned dataset is reported in Table 3, where the
retained samples are grouped by unit-cell topology and cell-size class.

Concerning the UON, both the regression and classification models
use the same multilayer perceptron architecture, consisting of three
fully connected hidden layers with 128 neurons, ReLU activation func-
tions, batch normalization, and a dropout layer with p = 0.05 before the
output layer. The two networks are trained independently on the same
normalized input descriptors. Training is performed with the ADAM
optimizer using an initial learning rate of 10~3, L2 regularization of
1073, and a fixed 70,/20/10 split for training, validation, and testing,
with a controlled random seed for reproducible evaluation. The maxi-
mum number of epochs is 600 for both networks, and validation data
are used to monitor generalization. Figs. 9, 10 and 11 summarize the
predictive performance of the UON, reported through both regression
and classification metrics to reflect the mixed nature of the inverse
design task.

The reported metrics and plots refer to the complete held-out test
set, including both Kelvin and octagonal unit-cell designs. The unit-
cell topology is provided to the UON as a one-hot conditioning input;
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Table 4
Sensitivity of UON predictions to Gaussian perturbations applied
to the input mechanical descriptors on the test set. Values are re-
ported as mean + standard deviation over 100 noise realizations.
Thickness RMSE [mm]

Noise level Cell-size accuracy [%]

0% 0.01257 + 0.00000 92.754 + 0.000
1% 0.01731 +0.00119 82.166 +2.516
2.5% 0.03109 + 0.00399 62.549 + 3.603

therefore, the results should be interpreted as the performance of a
topology-conditioned inverse model rather than as the performance on
one specific lattice family. Since the unit-cell size is selected from a
discrete admissible set, cell-size identification is treated as a multi-
class classification problem, whereas strut thickness is treated as a
continuous regression target. Thickness regression is reported through
the parity plot in Fig. 9, where predicted thickness is compared against
the true value on the test set; the proximity of the samples to the
bisector provides a direct visual measure of agreement across the ex-
plored thickness range. Quantitatively, the regression network achieves
a test RMSE equal to 0.012571 mm. Cell-size prediction is reported
in complementary forms: Fig. 9 shows the true (blue) and predicted
(red) cell-size labels for each test sample, providing a sample-by-
sample visualization of classification consistency, while Fig. 10 reports
the corresponding confusion matrix, where diagonal entries represent
correct classifications and off-diagonal terms quantify misclassifications
between neighbouring size classes. Separate inspection of the two
topology subsets showed the same qualitative behaviour: thickness pre-
dictions remained consistent across the explored range, while cell-size
misclassifications were mainly concentrated between neighbouring size
classes.. In addition, Fig. 11 reports the classification accuracy broken
down by cell-size class, highlighting the class-dependent performance
of the classifier and supporting the interpretation of the confusion
matrix. Overall, the classification network achieves an accuracy of
92.7536% on the test set.

A descriptor-noise sensitivity analysis was also performed to evalu-
ate the robustness of the inverse model to small uncertainties in the
extracted mechanical descriptors. The four mechanical inputs were
perturbed on the test set as

X =x;(14+06),

where §; is a zero-mean Gaussian perturbation with standard deviation
equal to 1% and 2.5% of the corresponding descriptor value. For each
noise level, the perturbation was repeated over 100 realizations and
the mean and standard deviation of the thickness RMSE and cell-
size classification accuracy were computed. The results, summarized in
Table 4, show the sensitivity of the UON predictions to descriptor-level
uncertainty.

In the high strain-rate compression simulations (35 m/s), the macro-
scopic stress—strain response of fully populated periodic lattices typi-
cally exhibits an initial peak that can be noticeably higher than the
subsequent plateau level. Since the initial peak is directly associated
with the maximum transmitted stress during the early loading stage,
controlling its magnitude is relevant for impact-mitigation applications,
where excessive early stress transmission may be undesirable even
when the plateau behaviour and the overall absorbed energy remain
acceptable. For this reason, a percolation-inspired strategy is inves-
tigated as an additional design lever, aimed at selectively reducing
lattice connectivity to tailor the early-stage response and, in particular,
mitigate the peak-to-plateau contrast.

The percolation campaign is performed by introducing an absence
probability p for beam elements in the Kelvin lattice and generating
multiple stochastic realizations for each value of p. For the 1D beam
formulation, the effect of increasing absence probability on the macro-
scopic response is illustrated by the family of stress—strain curves in Fig.
12. Each curve corresponds to a distinct defective realization, with the
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Fig. 11. Predictions accuracy percentage for each cell size class. This plot
is valid for both kelvin and octagonal unit cell types, subjected to 35 m/s
compression.

colourmap indicating the associated value of p. The figure highlights
a progressive reduction of the initial peak stress as p increases, while
the subsequent crushing regime evolves more smoothly. The same post-
processing pipeline used for the dataset generation is applied to each
curve, ensuring that peak stress, plateau stress, densification strain and
absorbed energy are extracted consistently across all realizations. The
evolution of key performance quantities, that is, plateau stress and
absorbed energy, with increasing absence probability is summarized in
Figs. 13 and 14, respectively.

In particular, the plateau stress decreases approximately linearly
with p over the explored interval, and the linear fit reported in the
figure (95% confidence band shown) captures the trend with high
coefficient of determination (R> ~ 0.99) Similarly, the absorbed en-
ergy density (computed as the area under the stress—strain curve up
to densification, and therefore expressed in units of stress) decreases
approximately linearly with p, again with a tight confidence band and
R? = 0.99. These two plots provide a compact representation of how
connectivity reduction influences the global crushing level and the
cumulative energy dissipation, while keeping the analysis at the level
of macroscopic descriptors rather than individual curve features.

In contrast to plateau stress and absorbed energy, the initial peak
stress shows a markedly stronger sensitivity to p. Fig. 15 reports the de-
pendence of peak stress on absence probability for the 1D simulations,
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Fig. 14. Variation of absorbed energy with beam absence probability p for the
1D Kelvin lattice subjected to compression at 35 m/s.

together with an exponential-type empirical fit and the corresponding
confidence band. The fit shown in the plot shows that peak stress is
well represented, over the investigated range of p, by an exponential-
type reduction, consistent with the qualitative trend observed in Fig.
12. This representation is particularly useful because it summarizes,
with a single curve, the systematic reduction of the early stress peak
obtained by progressively removing load-carrying members.

To verify that the same qualitative behaviour persists under a
higher-fidelity discretization, selected simulations are repeated using a
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Fig. 15. Variation of peak stress with beam absence probability p for the 1D
Kelvin lattice subjected to compression at 35 m/s.

3D solid formulation. Fig. 16 reports representative stress—strain curves
obtained for increasing absence probability, showing the same overall
tendency: larger p values correspond to lower initial peak stress and a
globally reduced stress level during crushing, while densification is still
characterized by a final steep stress increase. The corresponding peak-
stress trend extracted from the 3D simulations is summarized in Fig.
17, where peak stress is plotted against p (reported as 1%-50% in the
figure) and represented through the same exponential-type empirical
fit adopted for the 1D trend. The fitted curve provides a compact de-
scription of the peak-stress reduction in the 3D case and supports direct
comparison with the 1D percolation trends using the same macroscopic
metric.

It is important to clarify that the beam-removal procedure adopted
in the percolation study is not intended to reproduce the most frequent
defect morphology observed in additively manufactured lattices. In
high-quality printed lattices, imperfections more commonly appear as
surface roughness, local porosity, diameter deviations, or partial weak-
ening of struts rather than as complete member absence. In the present
work, binary strut removal is therefore used as an idealized representa-
tion of severe connectivity loss and, more importantly, as a deliberate
topology-tailoring variable. From this perspective, the absence proba-
bility p provides a controlled way to investigate how interruption of
load paths affects the initial peak stress and the subsequent crushing
response.

The different trends observed for plateau stress, absorbed energy,
and peak stress can be interpreted from the distinct mechanical role



S. Annunziata et al.

Stress - strain

Progress in Engineering Science 3 (2026) 100313

curves

4 T T T

Stress [MPa]

(T T I TR

|11

TTTOTUTT

- Absence
probability p [-]

Fig. 16. Stress-strain curves obtained from the 3D Kelvin model subjected to compression at 35 m/s for different beam absence probabilities p.

Peak stress vs p - exponential decay fit

@ Data
— Fit: A=24, B=3.9 ||

Peak Stress [MPa]

0 L L L L L
0 5 10 15 30 35 10 15 50

Absence prol:;ability p [%]

L
20 25

Fig. 17. Variation of peak stress with beam absence probability p for the 3D
Kelvin lattice subjected to compression at 35 m/s. The solid line represents the
fitted exponential-type trend.

of these quantities during compression. Plateau stress and absorbed
energy are global descriptors of the progressive crushing stage. They are
mainly governed by the average amount of load-bearing material and
by the number of active load paths that remain available after beam
removal. Since each beam is independently retained with probability
1 — p, the expected number of retained beams is proportional to 1 — p.
Therefore, quantities associated with distributed crushing, such as ¢,
and Eng,,, are expected to decrease approximately linearly over the
investigated range, provided that the global deformation mode does not
change abruptly.

The initial peak stress is controlled by a different mechanism. It
occurs during the early loading stage, before the development of a
stable crushing regime, and is strongly affected by the initial stiffness
of the lattice and by the presence of continuous, highly connected load
paths between the loading plates. Removing even a limited number of
beams can interrupt some of these direct load paths, promote a more
progressive engagement of the structure, and reduce the intensity of the
stress transmitted in the initial phase. From a graph-based viewpoint,
the probability that a load path composed of n beams remains fully
intact scales as

Ppath = (1 _p)n.

12

For moderate values of p, this relation provides a physical rationale for
using an exponential-type empirical dependence over the investigated
probability range. The exponential fit should therefore be interpreted as
a compact description of the explored range, rather than as a universal
law independent of topology, geometry, or loading conditions. This
explains why peak stress exhibits a stronger nonlinear reduction than
plateau stress and absorbed energy.

Selected 3D solid simulations were then used as higher-fidelity
numerical checks of this trend. These simulations were not used to
populate the UON dataset and were not intended as a complete quanti-
tative cross-validation of the beam formulation over the full percolation
space. Their purpose was to verify whether the peak-stress reduction
persists when local stress states are resolved more explicitly. As shown
in Figs. 16 and 17, the 3D simulations confirm the same qualita-
tive reduction of the initial peak stress observed with the 1D beam
formulation. Therefore, they support the numerical robustness of the
percolation trend, while the quantitative values remain dependent
on the adopted element formulation, material model, and damage
assumptions.

4. Conclusions

This work presented an automated workflow for the generation,
simulation, post-processing, and inverse design of periodic truss lattice
metamaterials under dynamic compression. The framework enables
the parametric construction of Kelvin and octagonal lattices, the ex-
port of simulation-ready finite element models, and the extraction
of compact macroscopic descriptors from the resulting stress—strain
curves. The dataset-generation strategy includes a cell-size-dependent
thickness-bounding procedure, which preserves physically meaningful
thickness-to-length ratios across the discrete cell-size classes and sup-
ports consistent high-throughput database construction. The cleaned
dataset, composed of 1376 valid simulations, was used to train a
Unit-cell Optimization Network (UON) for inverse design. Since the de-
sign variables have different mathematical characteristics, the inverse
problem was formulated as a mixed learning task: regression for the
continuous strut thickness and classification for the discrete unit-cell
size. The UON achieved a test RMSE of 0.012571 mm for thickness
prediction and a cell-size classification accuracy of 92.7536%, show-
ing that the selected descriptors (E, 6/, €4enss ENgys) are informative
enough to recover feasible unit-cell parameters within the investigated
design space. However, the inverse mapping is not necessarily unique.
Different combinations of beam thickness and unit-cell size can produce



S. Annunziata et al.

similar scalar descriptors, especially between neighbouring cell-size
classes. Therefore, the UON prediction should be interpreted as one
feasible solution within the trained design domain, rather than as proof
of a unique physical inverse solution. A percolation-inspired strategy
was also investigated as a complementary design lever for peak-stress
tailoring. This analysis was performed separately from the UON train-
ing dataset. By assigning an independent absence probability p to
lattice beams, controlled reductions in connectivity were introduced
into the reference architecture. The results showed that plateau stress
and absorbed energy decrease approximately linearly with increas-
ing p, whereas the initial peak stress exhibits a stronger exponential-
type reduction over the investigated probability range. Selected 3D
simulations confirmed the same qualitative peak-reduction trend ob-
served with the 1D beam model, supporting the numerical robustness
of the connectivity-based tailoring strategy. These simulations should
be interpreted as preliminary higher-fidelity checks of the observed
trend, rather than as a complete quantitative cross-validation of the
beam formulation over the full percolation design space. The present
study remains primarily numerical and is restricted to the considered
topologies, specimen dimensions, material model, and loading condi-
tions. Although the modelling chain was verified against a reference
Kelvin lattice case and selected 3D checks were performed, beam-based
simulations cannot fully resolve joint-level stress concentrations, cross-
section distortion, manufacturing-induced defects, or progressive strut
fracture. These effects may influence the quantitative agreement with
experiments, especially when local damage develops before or during
the plateau regime. However, the use of PA12, a nylon-based polymer
with comparatively ductile and deformable behaviour, supports the
assumption that the global response is mainly governed by lattice
bending, buckling, and progressive collapse rather than by brittle strut
fracture. This makes the beam formulation suitable for high-throughput
prediction of macroscopic stress—strain descriptors, while not replacing
local damage modelling. Higher-fidelity aspects were investigated in
a previous contribution by the authors through hybrid 1D-3D simu-
lations [47], and selected 3D models were also used here to check
the percolation-induced peak-stress trend. Future work should extend
the dataset to additional lattice families, broader density ranges, and
different loading conditions, include percolation variables directly in
the inverse-design loop, and introduce strategies to handle non-unique
inverse solutions, such as additional response descriptors, full-curve
information, probabilistic outputs, or forward-model verification of
multiple candidate designs. A more systematic multi-fidelity validation
campaign, including beam, hybrid 1D-3D, and fully solid models across
different absence probabilities and random realizations, should also be
performed to quantify the agreement between modelling fidelities. Tar-
geted experimental validation on manufactured lattices under dynamic
compression will finally be required to assess the influence of local
failure, manufacturing tolerances, and material rate effects.
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