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1 Introduction

A lattice structure consists of spatially periodic elements such as

Convolutional Neural Network
and Image Processing-Based
Approach for Homogenization
of Lattice Structures

The homogenization approach is widely used in lattice structure design to simplify model-
ing of complex geometries by representing them as simple solid elements in finite element
analysis (FEA). Homogenized material properties are obtained through microscale anal-
ysis of a representative volume element (RVE). Several methods exist to compute effective
properties, including beam theory, asymptotic homogenization, and the finite element
method. FEA is commonly used for its ability to model arbitrary lattice geometries accu-
rately. However, for complex structures, conventional FEA is computationally expensive,
requiring extensive preprocessing and producing large stiffness matrices, which reduces
efficiency in multiscale analysis and optimization. This study introduces an image-based
machine learning framework for efficient microscale modeling of arbitrarily shaped
lattice structures. Unlike traditional surrogate modeling approaches that rely solely on
machine learning, the novelty of this method lies in maintaining consistency between phys-
ical modeling and machine learning representations. Specifically, the binary matrix
obtained via image processing is used to generate the finite element model for asymptotic
homogenization (AH)-based microscale analyses, whose outputs train a convolutional
neural network (CNN). This eliminates the need for conventional mesh generation and
ensures the network learns from physically consistent data. The CNN framework enables
rapid and accurate prediction of effective material properties from image-based RVE rep-
resentations. The developed CNN models predict the homogenized elastic properties with
normalized mean absolute error below 2% and normalized mean squared error on the
order of 107*, while requiring only a fraction of the computational time associated with
conventional finite element-based homogenization analyses. [DOI: 10.1115/1.4071487]
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in components such as aircraft wings and NASA rocket shell (as
illustrated in Fig. 1) and wind turbine blades, where their low
density and high impact resistance are critical. In the biomedical

rods, beams, plates, or shells, arranged systematically in tessellated
patterns. These elements possess characteristic length scales typi-
cally larger than those associated with local load deformation.
The fundamental motivation for developing lattice structures is
to achieve designs that are lightweight, rigid, and efficient in
terms of vibrational, acoustic, and thermal performance [1-3].
Owing to their exceptional strength-to-weight ratio and superior
energy absorption capacity, lattice panels have gained increasing
attention across multiple industries, including aerospace, automo-
tive, biomedical, and marine engineering [4]. In aerospace and
renewable energy systems, for instance, they are widely adopted
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field, their porous architecture facilitates tissue ingrowth and
allows for mechanical properties comparable to those of the sur-
rounding bone, thereby minimizing stress shielding in orthopedic
implants [7]. Beyond these applications, lattice cores have also rev-
olutionized lightweight civil structures by serving as the core of
sandwich panels. These lattice-core sandwich panels provide sub-
stantial weight reduction while maintaining high structural stiff-
ness and strength, absorbing energy under impact loads,
positioning them as a cutting-edge solution for modern engineering
applications. Given these broad advantages, researchers continue
to explore how different lattice geometries influence material prop-
erties relative to their fully solid counterparts. Variations in lattice
topology can lead to significant differences in performance—some
designs exhibit enhanced buckling resistance, while others demon-
strate greater flexural rigidity [8]. Selecting the optimal lattice con-
figuration thus remains a central challenge in the design process.
With an extensive range of possible geometries spanning thousands
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of known and yet-to-be-discovered configurations, lattice struc-
tures present a vast design space rich in research opportunities.
As aresult, this area of exploration has always been a longstanding
focus of interest for the engineers and scientists working in the field
of mechanical engineering and materials science.

Gibson and Ashby [9] were among the first to investigate the
lattice structures for hexagonal honeycomb structures. In their
study, they examined the behavior of lattice tube beam members
formed by cell walls, examining aspects such as bending, elastic
buckling, and plastic collapse. At the fundamental unit cell level,
they employed beam theory-based homogenization to investigate
the effective material properties of honeycomb lattice cores. Fur-
thermore, they developed a precise mathematical solution for the
mechanical characteristics of honeycomb, which was validated
by extensive experimental testing. Subsequently, Masters and
Evans [10] expanded the work studied by Gibson and Ashby [9]
by integrating three mechanisms-flexure, stretching, and hinging,
which enabled them to derive a more comprehensive expression
for calculating effective material properties of honeycomb lattice
cores. Wang and McDowell [11] investigated the lattice structures
with several different cell types by using the same approach studied
by Gibson and Ashby [9] and developed explicit mathematical
equations for the effective in-plane mechanical properties.
However, the analytical approach is limited by certain constraints
[12], which is only suitable for small relative density (r < 0.3).
The beam model is not accurate anymore when the lattice tube
size increases with the relative density. Moreover, due to the
assumption of small strains and the inability to account for large
deformations, this beam theory-based explicit formulation cannot
be applied to situations involving nonlinearity and complex geo-
metric structures. Expanding mathematical solutions to broader
scenarios has revealed several drawbacks in the context of
beam theory-based homogenization. Consequently, numerical
approaches, such as asymptotic homogenization (AH), have
gained widespread acceptance in predicting mechanical properties
of porous materials with arbitrary shaped lattice structures [13].
Guedes and Kikuchi [14] conducted a comprehensive study on
this AH method-based material homogenization, and the applica-
tion in lattice structure design via topology optimization [15,16].
Additionally, Arabnejad and Pasini [17] have conducted extensive
research on employing AH method to determine the mechanical
properties of lattice materials and structures and pointed out that
AH has neither limitation on the cell topology nor on the range
of relative density. The AH method can handle any lattice regard-
less of its relative density, which receives wide applications for
lattice structures with any shape cell geometry.
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However, it is important to note that the AH-based homogeniza-
tion approach requires extensive computational time for both finite
element mesh generation and analysis, particularly for lattice struc-
tures with complex shape periodic unit cells. Generally, there are
two challenges associated with the homogenized constitutive prop-
erties calculation of complex lattice structure when using finite
element method-based approaches: tedious mesh generation and
fine mesh-based finite element analysis. Researchers employ
sophisticated finite element analysis software such as ABAQUS
[18] and ansys [19] to meticulously mesh or design these lattice
structures and then conduct a fine-mesh-based microscale model-
ing analysis. Consequently, this intricate process leads to a substan-
tial time investment during the lattice structure design, particularly
FE? method-based multiscale modeling analysis [20]. For example,
a lightweight wind turbine blade design may require different
lattice structures across its blade length direction due to the nonuni-
form load distribution. Moreover, when researchers come across a
novel lattice shape, they must carefully redesign the structure and
repeat the same detailed process. Thus, the determination of the
feasible lattice structure design for practical applications has
become computationally expensive.

To address these challenges, there are some efforts that have been
made towards using machine learning (ML)-based approaches for
studying the homogenized constitutive properties of lattice struc-
tures. Settgast et al. [21] have used a hybrid multiscale neural
network approach instead of traditional material modeling to calcu-
late constitutive functions. The average volume method-based
homogenization is employed to produce multiple datasets for train-
ing of a neural network. Alwattar and Mian [22] generated material
constitutive properties data for body-centered cubic lattices via finite
element simulation and used those data for training the neural
network. However, the neural networks developed were specific to
certain types of lattice shapes and applications. Gongora et al. [23]
developed ML-based surrogate models to address the significant
computational cost associated with the microscale analysis, whose
ML-based surrogate model can iteratively and efficiently curate
training datasets for optimization tasks. The finite element method
is used to generate the training dataset. Ma et al. [24] used support
vector regression-based ML for predicting the mechanical properties
of 3D printed lattice structures. The porosity, material density,
elastic modulus, and unit length of the lattice unit cell are combined
with entropy as the inputs of the ML model. Experimental results
under different parameters were used as the training dataset. Hoosh-
mand et al. [25] used different ML algorithms to study the strain of
lattice polymer foam under compression loads. The effective mate-
rial properties of lattice structure-based polymer foam are studied

Fig.1 Applications of lattice structures in Aerospace. (a) Lattice in airplane wing (reprinted from Dubovikov et al. [5], under the
Creative Commons CC BY 4.0 license). (b) Lattice in NASA rocket shell (reprinted from Zhu et al. [6], under the Creative

Commons CC BY-NC-ND 4.0 license).
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Fig. 2 Comparison between traditional and proposed approaches

under different parameters including lattice type, cell length across
three axes, and the cell wall thickness. During the ML development
process, the authors considered generating a dataset using finite
element method to calculate the effective mechanical properties of
lattice parts.

Some research studies have been conducted to use ML tech-
niques to find out the optimal distribution of the lattice unit cell
for a desired material design. Wang and Panesar [26] developed
a neural network (NN)-based inverse lattice generator, which is
trained to output lattice unit cells from the input of target mechan-
ical properties. The proposed ML-based lattice generation method
utilizes the density distribution and stress field of low-resolution
topology optimization (TO) design to inform the inverse generator
and produce lattice cells. A few geometric parameters were defined
to parameterize the shape of the lattice structures, which was used
during the ML training process. Yu et al. [27] used an artificial
neural network (ANN) to study the mechanical behaviors of
heterogeneous lattice structures. They proposed a binarization
method to facilitate the digital representation of each lattice config-
uration where one represents the reinforcement phase and zero rep-
resents the matrix phase. The flattened binary matrix was used in
the input layers during the ANN training process. The well-trained
artificial neural network is able to generate heterogeneous lattice
structures to meet various specific target performances. Ibrahimi
et al. [28] developed ML models to study the relation between
input parameters (analytical) and the mechanical and morphologi-
cal properties of the triply periodic minimal surfaces (TPMS) struc-
tures. A dataset with more than one thousand TPMS scaffolds was
considered for the training by using the data obtained from finite
element modeling (FEM). The trained model is able to identify
the microstructure of TPMS scaffolds, which simultaneously satis-
fies multidisciplinary requirements.

Inspired by topology optimization [29], lattice structure can be
designed from a solid structure using binary variables (density
method) whose shape does not depend on any prescribed parame-
terization method. The binary mapping can be obtained by using
image processing, along with the recent development of using
ML for image segmentation [30], both provide an opportunity to
use an image to characterize the lattice structure rather than
using physical parameters during ML development. The present
study introduces an innovative framework for rapidly determining
the homogenized constitutive properties of lattice structures.
Unlike existing ML development for studying lattice structures’
stiffness properties, the novelty of this work lies in maintaining
complete consistency between the physical modeling and the ML
representations. Specifically, the binary matrix obtained through
image processing is directly used to generate the FE model for con-
ducting AH-based microscale analyses, whose results are then used
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to train a convolutional neural network (CNN). In this framework,
the CNN interprets the image of the lattice structure as a matrix of
pixel values, providing a binary mapping identical to that used in
the FE model. Importantly, the mesh is developed not only for
the solid lattice structure but for the entire domain including the
void regions, thereby ensuring that the physical model and the
ML model share an identical geometric representation. By unifying
the physical and computational representations, the proposed
approach establishes a novel paradigm for developing a general-
ized neural network capable of accurately and efficiently predicting
the effective material properties of lattice structures. To demon-
strate this methodology, the AH-based finite element analysis is
applied to 2D lattice structures. The paper is organized as
follows: Section 2 details the methodology for generating finite
element models from image processing and validating the
AH-based homogenization. Section 3 describes the development
of the CNN model. Section 4 presents the results and discussion,
and Sec. 5 summarizes the key findings and outlines future research
directions.

2 Methodology

2.1 Image Processing-Based Homogenization Analysis.
This section discusses the use of image processing technique to
generate finite element models for conducting material homogeni-
zation analysis of lattice structures. To demonstrate the proposed
approach, a two-dimensional image of the lattice structure repre-
sentative volume element (RVE) is employed. If the RVE exhibits
a uniform cross section through its thickness, constructing a
detailed three-dimensional model is unnecessary to capture geo-
metric features such as member thickness. In such cases, a two-
dimensional image adequately represents the model of the RVE
for finite element analysis. As illustrated in Fig. 2, the traditional
approach generates the mesh for the lattice structures and then
employs finite element analysis software to calculate the effective
material properties. The proposed approach uses the domain
(design domain used in the topology optimization) to develop the
finite element model. This modeling process uses the image pixel
feature, which will be consistent with those used by CNN in ML,
which keeps the consistency of the models used in the physical
modeling and ML training. Like the topology optimization of
lattice structures, a regular model consisting of shell elements is
used to represent the whole domain. The value of relative
density, “1,” represents the presence of material where “0” repre-
sents void. Such binary mapping enables this study to intentionally
employ a black-and-white image of RVE, facilitating binary con-
version where solid pixels (material) are assigned a value of “1”
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and void pixels are assigned “0” for subsequent element properties
definition. The finite element mesh size is the same as the pixel res-
olution size, enabling the use of the binary mapping for finite
element model development. Since the AH approach is inherently
shape independent, it can handle complex geometries; however, it
traditionally requires a fine mesh when the shape of lattice shape of
RVE is complex. This methodology further enables the construc-
tion of a comprehensive dataset of homogenized constitutive prop-
erties for various lattice configurations.

2.2 Homogenization. Homogenization involves identifying
the mechanical properties of a heterogeneous lattice medium by
using an RVE. It possesses the microstructural properties of effective
materials and can be used to determine the structural performance of
the whole domain. The similar processes can be applied to determine
the effective material properties of any other shapes of unit cells. The
homogenization process applied to a lattice with square unit cells is
schematically shown in Fig. 3. It can be illustrated from the figure
that a homogenized domain Q replaces a domain Q with a periodic
microstructure that has been exposed to traction ¢ at the traction
boundary I';, displacement d at the displacement boundary I'y, and
body force f. Both the discrete and homogenized medium, the
latter being a homogeneous continuum devoid of voids, which is
subject to the external and traction bounds. The macroscopic beha-
vior of Q and Q should behave similarly when determining the effec-
tive mechanical characteristics of the RVE. In addition to square unit
cells, similar processes can be applied to determine the effective
material properties of other shapes of unit cells.

2.3 Asymptotic Homogenization. AH provides a rigorous
framework to link micro- and macro-scales. In AH, every field
quantity depends on two independent scales: a macroscopic scale
x, which varies slowly over the domain, and a microscopic scale
y =x/e, which captures rapid variations within the RVE. The
small parameter ¢ is the ratio of the characteristic length of the
RVE to the macroscopic domain. It is not a direct scaling of
fields; rather, it allows the governing equations to be expanded
asymptotically in powers of ¢, with each term capturing progres-
sively finer details. Because ¢ < 1, derivatives with respect to y
are amplified by a factor of 1/¢, reflecting the fact that stress and
strain fluctuate rapidly at the microscale, while the macroscopic
response varies smoothly (d/dx = 0/0x + (1/¢)(0/0y)). The mac-
roscopic fields (e.g., displacement) are smooth functions of x, cap-
turing the averaged behavior over many unit cells, while the
microscopic fields are varying periodically for each RVE. Essen-
tially, the macroscopic solution provides the envelope, and the
microscopic solution describes the repeating detailed fluctuations
inside the material. This dual-scale decomposition allows accurate
prediction of the effective mechanical response, independent of the
unit cell shape or relative density, making AH more general and
reliable than beam-theory-based homogenization methods [12].
Moreover, the AH is one of the most reliable and accurate
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Fig. 3 An illustration of a square lattice structure (left) into a
homogenized medium (right) with effective properties deter-
mined by the RVE [31]

051003-4 / Vol. 93, MAY 2026

approaches verified using experimental data [32]. The macroscopic
elasticity tensor E{fk, of a periodic lattice is obtained as a volume
average over the RVE [33]. This formulation is based on the prin-
ciple of minimum potential energy, whereby the homogenized
macroscopic elastic energy is computed as the averaged strain
energy of the heterogeneous microstructure. Thus,

=1 B (0 = ) 20 - e)av 1
where |V| denotes the volume of the unit cell, E . is the locally
varying stiffness tensor, e%j) are prescribed macroscopic strain
fields (in 2D, there are three; e.g., unit strain in the horizontal direc-
tion (11), unit strain in the vertical direction (22), and unit shear
strain (12 or 21)), and the locally varying strain fields &%) are

defined as

el = ep (") =5 (Xhg +140) @

The displacement fields y*' are determined by solving the elastic-
ity equations at the microscale with applied macroscopic strains:

j Eijpa€ii(0€ pg (") dV:J Ejpgei(MNEND AV WeV  (3)
\4 14

where v is a virtual displacement field. This equation is typically
solved numerically using the finite element method. For a 2D
RVE, the effective elastic stiffness matrix can be expressed in
terms of the homogenized Young’s moduli, Poisson’s ratios, and
shear modulus:

R S
pre| il g @
1 —oelfpell 1 — peffpell
0 0 G

where ES) and E5)' are the homogenized Young’s moduli along x
and y directions, yf(if
ratios, and Ggf is the homogenized shear modulus.

and y;:f are the homogenized Poisson’s

2.4 Validation of Image Processing-Based Model. A valida-
tion study is conducted to assess whether the binary mapping of the
images can accurately represent the RVE model in the AH homog-
enization study. The mesh size is the same as the image pixel size,
a high resolution image is used for converged results. In this
study, 100 x 100 pixels is considered for the domain to ensure
mesh convergence of the effective material properties. To demon-
strate this binary mapping-based finite element model development,
examples with varying wall thicknesses of the RVEs are employed.
The comparison between the present results and literature values [34]
is presented in Table 1. It is clearly seen that the present results using
a binary mapping-based finite element mesh for AH homogenization
analysis of lattice structures are close to the literature results [34],
where the traditional finite element method and energy-based
homogenization approach were used. The components of the effec-
tive elastic tensor are close to each other with slight differences.

The slight difference can be attributed to the small difference in
the finite element model generated using the traditional finite
element model and that obtained using binary mapping of the
lattice RVEs. A finite element mesh representation of the binary
matrix of the first RVE from Table 1 is shown in Fig. 4(a). The
denoted white circles illustrate the missing of elements due to the
binary mapping at the sharping corners of the lattice structure,
which leads to the emergence of minor differences in components
of the effective elastic tensor matrix. A finer and more accurate
image would likely eliminate these discrepancies. A parametric
image size convergence study further confirmed that refining the
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Table 1 Comparison of effective elastic tensor between the literature [34] and the present study for different square unit RVEs

RVE shape Study

Effective elastic tensor, E (MPa) Average error (%)

Literature

AH

Literature

AH

Literature

AH

Literature

N
AN

AH

236.29 107.57 0.00 -
107.57 236.29  0.00

0.00 0.00 101.99

237.67 10830  0.00 0.376

108.30 236.23  0.00
0.00 0.00  100.54

|:260.05 83.19  0.00 :| -

83.19 260.05 0.00
0.00 0.00 78.09

83.60 259.43 0.00
0.00  0.00 75.76
[274.24 70.06  0.00 } -

|:261.24 83.60 0.00:| 0.518

70.06 274.24 0.00
0.00 0.00 64.50

71.56 27533 0.00
0.00 0.00 63.11
|:290.08 56.81  0.00 :| -

|:276.95 71.56 0.00} 0.869

56.81 290.08 0.00
0.00 0.00 48.71

59.30 293.57 0.00

297.65 59.30  0.00 1.457
0.00 0.00 48.97

image resolution can significantly reduce this difference. However,
due to the high computational cost and the already satisfactory
accuracy in determining the effective elastic tensor, the present
study continued using images with a resolution of 100 X 100
pixels. An image representation of the finite element symmetric
mesh of the cross-shaped RVE is shown in Fig. 4(b), which can
accurately capture the shape of lattice structures, while binary
mapping has been shown to be highly effective for stiffness-
dominated problems where global compliance is relatively insensi-
tive to fine geometric details, which may pose some challenges for
strength-dominated analyses. The stair-step boundaries and sharp
edges inherent to the pixelation process can introduce artificial
stress concentrations, thereby diminishing the accuracy of local
stress predictions essential for evaluating material failure and struc-
tural integrity. Therefore, for strength-critical applications, future
work will consider refining the binary-mapped geometry through
surface smoothing.

2.5 Dataset Generation. In ML applications, success
depends on having a good curated dataset that serves as the basis

Journal of Applied Mechanics

for model development [35]. A high-quality dataset not only pro-
vides essential raw information for accurate predictions and mean-
ingful pattern recognition, but it also ensures the generalization of
ML algorithms to handle novel data effectively. By identifying per-
tinent features and addressing biases, high-quality dataset’s diverse
and precise nature enhances model efficiency and promotes fair-
ness. After successfully verifying the developed code for the AH
approach in Sec. 2.4, a comprehensive dataset was generated,
which comprised material properties for 10,000 lattice images.
To initiate this process, a square lattice RVE (1 X 1 unit) with
walls (0.20 unit thickness) along the diagonals was selected. The
specific material properties used for the lattice RVE are
presented in Table 2. A black wall with a thickness of 1 pixel sur-
rounds all of the lattice images. Afterward, the selected RVE was
augmented-rotated at various angles between 0 and 360 deg, result-
ing in the creation of 10,000 unique images. A 100 X 100 compu-
tational grid remained fixed while the material geometry was
rotated rigidly over this grid. As shown in Table 3 and Fig. 5,
the rotational augmentation leads to noticeable variations in the
discretized image designs. These variations are manifested as
small changes in the black (material) and white (void) area
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gion, Blue = Void Region

Fig.4 FEM mesh of lattice structures obtained from binary mapping. (a) FEM mesh from
binary matrix (with missing elements). (b) FEM mesh from binary matrix (no missing

elements).

fractions, arising from the fixed grid discretization. The image rota-
tion process has been randomized within the specified range of
angles so that the images do not remain equidistant, allowing for
unique orientations and variations in each generated image.
Although, due to double symmetry, it would be sufficient to con-
sider only angles between 0 and 90deg, the study wanted to
develop a generalized algorithm capable of performing the analysis
even for nonsymmetric lattice designs. Although any size of the
dataset may appear to have a risk of overfitting, this issue is
addressed in the CNN model through the inclusion of dropout
layers during training. It is a regularization technique used in
CNNs and other neural networks to prevent overfitting. These
images were then processed through the FEM code employing
the AH approach, enabling the extraction of material properties
data for each image. A flowchart is shown to demonstrate this
process, as seen in Fig. 6. The large-scale database generation
was conducted using the computational resources available in the
Oklahoma State University High Performance Computer Center.

3 Convolutional Neural Network

CNNs are a class of deep learning architectures inspired by
the structure and function of the visual cortex in biological
systems [36]. Originally developed for image recognition tasks,
CNNs have since found widespread application in fields such as
object tracking, text recognition, medical imaging, and material
microstructure analysis [37—40]. Conceptually, CNNs extend the
structure of traditional artificial neural networks by introducing spa-
tially localized connectivity: each neuron is connected only to a
small subset of neurons in the preceding layer [41]. This sparse con-
nectivity allows the network to efficiently learn spatial hierarchies of
features including edges, shapes, and patterns, which are particularly
valuable for identifying and classifying complex image-based data
such as lattice geometries.

In this study, a CNN framework is developed to establish a data-
driven mapping between lattice geometries and their corresponding
homogenized material properties. The dataset consists of two-
dimensional lattice images and their numerically derived mechan-
ical properties. To ensure generalization, 80% of the dataset is used

Table 2 Material properties [33]

Young’s modulus, E; (GPa) 1
Poisson’s ratio, vy 0.30

for model training, 10% for validation, and the remaining 10% for
testing the network performance. Each image is of size 100 x 100
pixels, defining the input layer dimensions as 100X 100 X 1.
Although this study focuses on two-dimensional lattices, the
same framework can be extended to analyze three-dimensional
structures in future work. Figure 7 shows the architecture that
begins with a sequence of alternating convolutional and pooling
layers that extract and progressively compress hierarchical geomet-
ric features. The notation m, n, N, and 5 denotes the image height
(m = 100 pixels), image width (n = 100 pixels), the number of aug-
mented images (N = 10,000 for the present study), and the five
target material properties, respectively.

The network’s first stage uses a convolutional layer with 64
filters of size 3 X 3. Convolutional layers serve two primary pur-
poses: (1) they learn local patterns such as edges or short struts
in lattice images by applying learned kernels across the spatial
domain and (2) they reuse the same kernel parameters across the
image, dramatically reducing the number of free parameters com-
pared with fully connected layers. The 3 X 3 kernel is a standard
choice that balances locality (capturing small-scale geometric fea-
tures) and computational cost. The study selected 64 filters in the
first layer to allow the network to represent a moderate variety of
low-level features while keeping the parameter count manageable.
Each convolutional stage is followed by a 2 X 2 max-pooling oper-
ation. Pooling reduces the spatial resolution of feature maps, which
(a) increases the effective receptive field of later layers so they can
capture larger-scale patterns, (b) reduces computational cost and
memory usage, and (c) provides a small degree of translational
invariance, which is useful when the exact pixel location of a
feature is not critical for predicting homogenized properties. Max-
pooling is used here because it preserves the strongest activations
(dominant local features), which are often the most informative
for geometry recognition. The convolution and pooling pattern is
repeated for three additional convolutional layers with increasing
filter counts (128, 256, and 512). The rationale for progressively
increasing filter numbers is twofold: earlier layers learn simple,

Table 3 Black (material) and white (void) area fractions for the
representative dataset images

Image no.  Black pixels =~ White pixels  Black ratio =~ White ratio
1 5154 4846 0.5154 0.4846
5000 5286 4714 0.5286 0.4714
9006 5140 4860 0.5140 0.4860
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(b)

Fig. 5 Representative images from the developed dataset. (a) First image from the developed
dataset. (b) 5000th image from the developed dataset. (c) 9006th image from the developed

dataset.

low-level features (edges, corners), while deeper layers must repre-
sent more abstract and diverse patterns (assemblies of struts, cell
topologies). Increasing the number of filters with depth gives the
model greater representational capacity where it is most needed.
The exact filter counts and number of layers were chosen
through iterative tuning using the validation set: the study
increased capacity until validation performance improvements sat-
urated or overfitting trends appeared, then selected the smallest
architecture that met the accuracy/generalization trade-off.

After the final convolutional block, the multidimensional
feature maps are flattened into a one-dimensional vector and
passed to a sequence of fully connected (dense) layers. Dense
layers perform high-level nonlinear combinations of the features
extracted by the convolutional backbone and are therefore appro-
priate where the task requires mapping a compact global repre-
sentation to the final continuous outputs (material properties).
The first dense layer contains 512 neurons: this relatively large
layer projects the flattened convolutional output into a high-
capacity representation capable of modeling complex relation-
ships between geometry-derived features and mechanical

responses. The network then reduces dimensionality through sub-
sequent dense layers with 256 and 128 neurons, respectively.
This progressive reduction (512 — 256 — 128) acts as a
learned funnel that concentrates information and helps the
model form increasingly compact representations before the
final regression. Reducing the number of neurons in successive
layers also helps control overfitting by limiting parameter
growth while preserving sufficient capacity to model the
mapping. As with the convolutional filters, the specific neuron
counts were determined empirically by cross-validation and by
monitoring the number of trainable parameters relative to
dataset size (with N =10,000 augmented images, the chosen
sizes provided a good balance of capacity and generalization).

To reduce overfitting, each dense layer (except the output) is fol-
lowed by a dropout layer with dropout rate 0.5. Dropout randomly
sets a fraction of activations to zero during training, forcing the
network to avoid reliance on any single neuron and thereby
improving robustness. The relatively high dropout rate was found
to be effective in regularizing the model, given the problem com-
plexity and available training samples.

Data Image ' :
- Augmentation Processing ‘ ‘ (AI;ET CO}:E ’ ‘ # phll,iat;r.:?is
Y (10,000 images) (Binary Matrix) pproac p

Fig. 6 An illustration of the process used to determine the material properties of different
lattice unit cells, including a visual representation of the FEM mesh
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All hidden layers use the Rectified Linear Unit (ReLU) activa-
tion function. ReLU is defined as ReLU(x) = max (0, x), and it is
used here for several important reasons: (1) Computational
efficiency: ReLU is cheap to evaluate and differentiable almost
everywhere, which accelerates both forward and backward
passes during training. (2) Mitigation of the vanishing gradient
problem: unlike saturating activations (e.g., sigmoid or tanh),
ReLU preserves gradients for positive inputs, allowing effective
training of deep networks. (3) Sparse activations: ReLU outputs
exact zeros for negative inputs, which induces sparsity in activa-
tions; this sparsity can improve representational efficiency and
acts as an implicit regularizer. ReLU was therefore chosen for its
blend of practical advantages and suitability for deep convolutional
architectures in image-based regression tasks [42]. The final output
layer uses a linear activation because the network performs multi-
output regression: it must predict five continuous material proper-
ties. A linear output layer allows the network to produce
unbounded, real-valued predictions appropriate for regression
targets. The model is trained using a loss function suited to contin-
uous outputs (e.g., mean-squared error) and standard optimization
algorithms implemented with TensorFlow/Keras. Implementation
details are presented in the following. The model was built using
TensorFlow and Keras, and preprocessing/visualization pipelines
use NumPy, Pandas, OpenCV, Scikit-learn, and Matplotlib. Hyper-
parameters (filter counts, layer depths, neuron counts, dropout
rates, learning rate, and batch size) were selected through iterative
tuning on the validation set with attention to model complexity rel-
ative to the available augmented data (10,000 images).

3.1 Hyperparameter Selection

3.1.1 Epoch Size Selection. Selecting an appropriate number
of training epochs is essential to ensure efficient convergence
without overfitting [43]. For every tested combination of batch
size (16, 32, 64, and 128), learning rate (0.01, 0.001, and
0.0001), and optimizer (Adam, SGD, RMSprop, Adagrad, Ada-
delta, and Nadam), the network was trained for up to 80 epochs
(presented in Appendices A and B) while monitoring its perfor-
mance on a separate validation set. At the end of each epoch, the
validation error—validation mean absolute error (MAE) for
MAE loss training and validation mean squared error (MSE) for
MSE loss training—was recorded. The optimal number of
epochs was defined as the epoch at which this validation error
reached its minimum value, corresponding to the point of best gen-
eralization before overfitting occurred. Using this criterion, the
MAE loss model achieved its lowest validation MAE at epoch
29, while the MSE loss model reached its minimum validation
MSE at epoch 39, and these values were selected as the optimal
training durations for the respective runs.

3.1.2  Learning Rate Selection. The learning rate was selected
by comparing candidate values (0.01, 0.001, and 0.0001) based
solely on validation performance across all batch sizes and opti-
mizers. For each learning rate, the smallest validation MAE and
validation MSE achieved by any configuration using that learning
rate were identified. Because MAE and MSE have different numer-
ical scales, both metrics were normalized to a common 0-1 range
using min—-max normalization, and the normalized values were
summed to form a combined normalized score. The learning rate
with the lowest combined score was selected, as it simultaneously
minimized both validation error measures in a balanced manner.
Following this procedure, a learning rate of 0.001 was identified
as optimal for both the MAE loss and MSE loss runs.

3.1.3  Optimizer Selection. After fixing the learning rate at
0.001, the optimizer was selected by directly comparing validation
performance under identical conditions. The analysis focused pri-
marily on the Adam and Nadam optimizers, which consistently
exhibited the most stable convergence during the sweep. For
each candidate optimizer, the best validation MAE and MSE

051003-8 / Vol. 93, MAY 2026

were extracted, normalized, and combined into a single validation-
based score. The optimizer yielding the lower combined score was
selected, indicating superior overall validation accuracy. Using this
criterion, Nadam outperformed the alternatives and was, therefore,
selected as the final optimizer for both the MAE-loss and MSE-loss
models.

3.1.4 Batch Size Selection. The batch size was selected at the
chosen learning rate and optimizer by evaluating validation perfor-
mance across the tested batch sizes (16, 32, 64, and 128). For each
batch size, the best validation MAE and MSE achieved with the
selected optimizer were identified, normalized, and combined
into a single validation-based score. The batch size with the
lowest combined score was chosen, as it provided the most favor-
able balance between training stability and generalization. This
procedure resulted in a batch size of 32 for the MAE loss model
and 16 for the MSE loss model, reflecting differences in how the
two loss functions respond to gradient noise and mini-batch aver-
aging. Comparison of the training and validation error convergence
for the Nadam optimizer using the MAE and MSE loss functions is
shown in Figs. 8(a) and 8(b), respectively. The validation curves
fall below the training curves because dropout is active during
training but disabled during validation, making the validation
pass inherently easier. In addition, validation metrics are computed
on the full dataset without mini-batch noise, producing smoother
and slightly lower errors than the training metrics.

After identifying the optimal hyperparameters through
validation-based selection, the first step was to construct the defin-
itive CNN models and obtain an unbiased estimate of their predic-
tive capability. To achieve this, the training and validation datasets
were combined to maximize the amount of reliable information
available for learning, and two final models were retrained from
scratch: one using the MAE loss and the other using the MSE
loss. Each model was trained using its respective optimal opti-
mizer, learning rate, batch size, and number of epochs determined
during the hyperparameter study, with training intentionally
stopped at the optimal epoch to prevent overfitting. The resulting
models were then evaluated once on a held-out 10% test subset
from the original dataset, which had not been used during training
or model selection. This step provides a single, unbiased bench-
mark of overall predictive accuracy and serves to confirm that
the selected training configuration generalizes beyond the data
used for optimization.

Comparing the two training strategies, both the MAE loss and
MSE loss models demonstrate strong predictive performance on
10% unseen data, with average errors well below 2% in normalized
space. The MAE loss model achieves a normalized MAE of
approximately 1.74% and an MSE of about 0.049%, reflecting
robust and stable predictions with uniform weighting of errors.
The MSE loss model, on the other hand, attains a lower normalized
MAE of approximately 1.59% and a reduced MSE of about
0.041%, indicating improved accuracy and more effective suppres-
sion of larger deviations.

While this initial test evaluation provides a global performance
measure, it does not fully characterize how the models behave
across individual material properties. Therefore, a second, comple-
mentary evaluation step was carried out using a completely sepa-
rate dataset of 1000 previously unseen RVE images. In this
stage, the two saved final models were loaded and applied
without any further training. Because the reference properties in
this dataset were already provided in normalized form, predictions
were assessed directly in normalized space. Detailed error metrics
—including MAE, MSE, square root of the mean squared error,
and the coefficient of determination (R?)—were computed for
each property and plots were generated to visually compare pre-
dicted and numerical values obtained by the AH-based homogeni-
zation approach in Sec. 4.

3.1.5 Computational Cost. Table 4 shows the comparison of
computational time used by AH homogenization including mesh

Transactions of the ASME

920z |!ldy 90 uo lJasn A1isianiun 91els auoye PP Aq ypd "89TT -Gz we [/2602092 /SO0TSO /S /€6 / 4pd -2 |2 11 1€ /SO lueydaupa | |dde /6 10 "ause "uo 1198 | |09 e} 16 Ipause //:d 11y woJ} papeo jumod



(a) Batch Size = 32 Learning Rate = 0.001
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Fig. 8 Comparison of training and validation error convergence for Nadam optimizer using (a) MAE
loss and (b) MSE loss. (a) Training and validation of MAE loss function for Nadam optimizer under the
selected learning rate and batch size. (b) Training and validation of MSE loss function for Nadam opti-
mizer under the selected learning rate and batch size.

generation and the ML evaluations. It shows that the AH approach
takes about 26 seconds to calculate the material properties of a
single lattice structure. In contrast, the developed ML model can
determine the material properties of 1000 unit RVEs within just
approximately 24 s, each around 0.024 s. This capability enables
us to quickly navigate through the material properties of millions
of lattice designs within short time, enabling us to identify those
designs that are most appropriate for a particular application.

4 Results and Discussion

The normalized effective material properties predicted by the
developed CNN model are presented in Figs. 9-13. In these
figures, the normalized reference values obtained using the AH
approach are compared with the corresponding normalized CNN
predictions. The dashed 45-deg line represents perfect agreement
between the actual and predicted normalized effective material
properties.

Figure 9 presents the normalized effective longitudinal Young’s
modulus, EST. The predictions obtained from both CNN models
show excellent agreement with the AH-based normalized reference
values, as evidenced by high coefficients of determination and low
prediction errors. For the MAE-trained model, the normalized
coefficient of determination reaches R?=0.9945, indicating a
strong linear correlation with the reference solution. The normal-
ized mean absolute error is 1.81%, while the corresponding nor-
malized mean squared error is 5.24 x 1074, resulting in a root
mean squared error of approximately 2.29%. For the MSE-trained
model, a comparable level of agreement is observed, with a nor-
malized coefficient of determination of R? = 0.9939. The normal-
ized mean absolute error is slightly higher at 1.86%, while the
normalized mean squared error is 5.82 X 107*, corresponding to
a root mean squared error of approximately 2.41%. Both models
achieve prediction errors on the order of 1-2%.

A similar trend is observed for the normalized effective trans-
verse Young’s modulus, E5)f, as shown in Fig. 10. For the MAE-
trained model, the normalized coefficient of determination
reaches R =0.9945, indicating a strong linear correlation with
the reference solution. The normalized mean absolute error is
1.79%, while the corresponding normalized mean squared error
is 5.13 x 107*, resulting in a root mean squared error of approxi-
mately 2.27%. For the MSE-trained model, a comparable level
of agreement is observed, with a normalized coefficient of determi-
nation of R?>=0.9941. The normalized mean absolute error is

Journal of Applied Mechanics

slightly higher at 1.83%, while the normalized mean squared
error is 5.60 x 107*, corresponding to a root mean squared error
of approximately 2.37%. Both models achieve prediction errors
on the order of 1-2%. While the MSE-trained model maintains
comparable predictive fidelity, the MAE-trained model exhibits
slightly lower average error measures, indicating that both loss for-
mulations provide reliable and complementary performance for
homogenized property prediction.

Figure 11 illustrates the comparison for the normalized in-plane
Poisson’s ratio 121", where the predicted values from both loss for-
mulations exhibit a strong alignment with the ideal 45-deg refer-
ence line. For the MAE-trained model, the normalized coefficient
of determination reaches R? = 0.9942, indicating a strong linear
correlation with the reference solution. The normalized mean abso-
lute error is 1.74%, while the corresponding normalized mean
squared error is 4.42 x 107, resulting in a root mean squared
error of approximately 2.10%. For the MSE-trained model, a com-
parable level of agreement is observed, with a normalized coeffi-
cient of determination of R?>=0.9951. The normalized mean
absolute error is slightly lower at 1.52%, while the normalized
mean squared error is 3.78 X 107*, corresponding to a root mean
squared error of approximately 1.94%. Both models achieve pre-
diction errors on the order of 1-2%.

Table 4 Comparison of computational time using image of the
unit RVEs

RVE shape Study Time (s)

AH 26.05
B HR 04 2 86 25 B0 EE N SR BG DA R ML 23.93
KRR XN AENRERNHH

(1000 testing RVEs)
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A similar trend is observed for the transverse Poisson’s ratio 1°if,

as shown in Fig. 12. For the MAE-trained model, the normalized
coefficient of determination reaches RZ =0.9943, indicating a
strong linear correlation with the reference solution. The normal-
ized mean absolute error is 1.73%, while the corresponding nor-
malized mean squared error is 4.39 x 107, resulting in a root
mean squared error of approximately 2.10%. For the MSE-trained
model, a comparable level of agreement is observed, with a nor-
malized coefficient of determination of R* =0.9951. The normal-
ized mean absolute error is slightly lower at 1.52%, while the
normalized mean squared error is 3.79 X 10~*, corresponding to
a root mean squared error of approximately 1.95%. Both models
achieve prediction errors on the order of 1-2%.

The plot for the normalized effective shear modulus G;f,f is
shown in Fig. 13, where the CNN-predicted values are compared
against the corresponding results obtained from the AH approach.
The predictions from both MAE- and MSE-trained models closely
follow the ideal 45 deg reference line across the entire normalized
range, indicating strong agreement between the numerical and
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machine-learning-based estimates. For the MAE-trained model,
the normalized coefficient of determination reaches R? = 0.9966,
indicating a strong linear correlation with the reference solution.
The normalized mean absolute error is 1.41%, while the corre-
sponding normalized mean squared error is 3.22 X 107, resulting
in a root mean squared error of approximately 1.79%. For the
MSE-trained model, a comparable level of agreement is observed,
with a normalized coefficient of determination of R?> = 0.9966. The
normalized mean absolute error is slightly lower at 1.49%, while
the normalized mean squared error is 3.21 X 107*, corresponding
to a root mean squared error of approximately 1.79%. Both
models achieve prediction errors on the order of 1-2%. The
results demonstrate that the developed CNN model is capable of
accurately capturing the effective shear response of lattice unit
RVEs from image-based inputs. Finally, among all images, the
image for the best lattice structure RVE with the best material prop-
erties (e.g., highest Young’s modulus) is shown in Fig. 14.
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5 Conclusions

This study presents a novel framework that integrates CNNs
with image processing to predict the homogenized constitutive
properties of lattice-unit cells. Instead of relying on explicit geo-
metric parameters, the lattice geometry is represented directly as
images, enabling a more general and flexible description of
complex lattice topologies. Through image processing, the binary
mapping of the unit cell is converted into numerical matrices that
are then used for finite-element-based AH. By using the same
image-based representation for both CNN learning and finite
element analysis, the proposed approach ensures a consistent,
unified data format across modeling and ML development.

By training the developed CNN on a dataset of 10,000 RVE
images, the network successfully learned the nonlinear relationship
between lattice morphology and the corresponding homogenized
elastic properties obtained using the AH approach. Following a
systematic hyperparameter optimization procedure, the predictive
performance of the trained models was evaluated using normalized
error metrics to ensure consistent comparison across all material
properties. In the initial testing phase on a held-out 10% subset
of the original dataset, both training strategies exhibited strong gen-
eralization performance, with normalized prediction errors well
below 2%. The MAE-trained model achieved a normalized mean
absolute error of approximately 1.74% and a normalized mean
squared error of about 0.049%, while the MSE-trained model
further improved accuracy, attaining a lower normalized mean
absolute error of approximately 1.59% and a reduced normalized
mean squared error of about 0.041%. To further assess robustness
and generalization capability, both final models were subsequently
evaluated on an independent dataset consisting of 1000 previously
unseen RVE images. Averaged across the five elastic properties,
the MAE-trained model yielded a normalized mean absolute
error of approximately 1.70%, a normalized mean squared error
of 4.48 x 107*, and a root mean squared error of about 2.11%,
with a high mean coefficient of determination of R? =0.9949.
The MSE-trained model again demonstrated slightly superior pre-
dictive fidelity, achieving a lower normalized mean absolute error
of approximately 1.65%, a normalized mean squared error of
4.44 x 107, a root mean squared error of about 2.09%, and a
mean R? value of 0.9950. In all cases, the CNN-predicted effective
Young’s moduli, Poisson’s ratios, and shear modulus exhibit excel-
lent agreement with the AH-based reference solutions. Moreover,
the trained CNN is capable of predicting the effective elastic prop-
erties of 1000 RVEs in a fraction of the time required for a single
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L]

Fig. 14 An image representation of the binary matrix of the
optimal RVE from the dataset

finite element homogenization analysis, highlighting its potential
for accelerating lattice design and optimization studies.

Beyond computational efficiency, this work contributes concep-
tually by demonstrating that image features alone can encode suf-
ficient information to determine effective material properties. This
insight opens the door to integrating computer vision and deep
learning with classical homogenization theory. The approach also
creates opportunities for inverse design, where target material
properties could be used to generate new lattice configurations
directly from image-based models. Future extensions of this
work will focus on several key directions. First, incorporating a
mesh correction or image-preprocessing module that can enhance
accuracy by identifying and rectifying irregular or corrugated
boundaries in binary mapping for accurate finite element model
development. Second, the proposed framework can be extended
to three-dimensional lattice architectures through 3D binary
mapping. When the cross section remains uniform along the thick-
ness, each RVE within the 3D structural member can be treated as a
representative volume element, enabling the CNN-based homoge-
nization tool to handle multiple RVE designs in three dimensions.
The present study also aims to extend this framework for analyzing
complex multiple 3D RVEs.
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Nomenclature

f = body force (N/m?)
r = relative density

t = surface traction (Pa)
vy = solid Poisson’s ratio
vil- = effective Poisson’s ratio, transverse strain along Y over

longitudinal strain along X
vl- = effective Poisson’s ratio, longitudinal strain along X over
transverse strain along Y

E; = solid Young’s modulus (Pa)
EY = effective Young’s modulus along X (Pa)
ng - = effective Young’s modulus along Y (Pa)
Gﬁ{:f - = effective shear modulus in XY plane (Pa)

©Q = homogenized domain

Q = periodic microstructure domain
displacement boundary

traction boundary

Appendix A: Mean Absolute Error Loss Across All
Batch Sizes, Learning Rates (LR), and Optimizers

See Figs. 15-18.
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Fig. 15 MAE training and validation loss versus epochs for batch size 16. (a) LR: 0.01. (b) LR: 0.001. (c) LR: 0.0001.
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Fig. 16 MAE training and validation loss versus epochs for batch size 32. (a) LR: 0.01. (b) LR: 0.001. (c) LR: 0.0001.
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Fig. 177 MAE training and validation loss versus epochs for batch size 64. (a) LR: 0.01. (b) LR: 0.001. (c) LR: 0.0001.
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Fig. 18 MAE training and validation loss versus epochs for batch size 128. (a) LR: 0.01. (b) LR: 0.001. (c) LR: 0.0001.

Appendix B: Mean Squared Error Loss Across All Batch Sizes, Learning Rates, and Optimizers

See Figs. 19-22.
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Fig. 19 MSE training and validation loss versus epochs for batch size 16. (a) LR: 0.01. (b) LR: 0.001. (c) LR: 0.0001.
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