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Metamaterials (MMs) offer a promising solution for footwear design by enabling spatially 
tunable mechanical responses associated with comfort-related considerations. However, 
the current application of MMs in footwear manufacturing remains relatively limited. 
Furthermore, effective optimization of MM structures under comfort-related mechanical 
considerations remains a largely unexplored space. This study explores a framework 
that teams finite element analysis (FEA) and deep learning (DL) to optimize MM-based 
shoe sole designs by using the individual plantar pressure distribution data. Specifically, 
the FEA is deployed to analyze the mechanical response of the sole, and it establishes 
links among pressure, deformation, and geometry, while a DL model is developed to 
map plantar pressure to MM lattice geometry. In our proposed method, a multimodal 
convolutional neural network (CNN) model is designed and trained to predict the opti
mized lattice-rod radii in MM based on multimodal input, including the pressure image, 
rod coordinates, and deformation data. The DL-optimized MM structures are subsequently 
validated through FEA simulations. With this proposed approach, this study conducted a 
case study relevant to potential footwear applications under a deformation-based surro
gate objective. The results show that the proposed method achieves significant improve
ment in deformation–pressure alignment compared with a benchmark design. In 
summary, the proposed FEA–DL framework enables direct generation of optimized MM 
designs from user-specific plantar pressure and a surrogate design objective. This syner
gistic approach offers a promising pathway to achieve a customizable, efficient, high- 
performance, resource-conserving inverse design. [DOI: 10.1115/1.4071847]
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1 Introduction
Metamaterial (MM) has been recognized for its benefits, such as 

absorbing energy, reducing impact forces, and potential in improv
ing comfort [1–5]. Due to the complex structure of MM, obtaining 
the mechanical properties usually needs experiments, consuming a 
significant amount of time and resources. Such low efficiencies can 
be significantly improved using inverse design according to the 
recent literature [6]. In addition, the personalization of MM has 
not yet been widely explored in the footwear industry [7]. There
fore, the objective of this study is to enable efficient, customizable 

MM-based sole inverse design by developing a computational 
framework that teams finite element analysis (FEA) and a deep 
learning (DL) model.

1.1 Metamaterial and Its Applications. In general, MM is a 
network-shaped porous structure, composed of lattices sized from 
1 mm to 10 mm. MMs with different lattice structures differ in 
lightweight, strength, fracture resistance [8], vibration mitigation 
[9], energy absorbing [10], and vibration reduction [10]. MM’s 
advantage in customization is that it can change the lattice structure 
to modify the mechanical characteristics according to the user- 
specific demand, which is difficult when using homogeneous 
materials, such as ethylene-vinyl acetate (EVA) or thermoplastic 
polyurethane [11,12]. Based on this advantage, MM could be 
applied to various engineering fields, such as healthcare, sports 
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equipment, and protective equipment [13], since it is capable of 
enhancing comfort in wearing [14], protecting against sports inju
ries [15], and alleviating pain from diabetic foot [9].

The MM mechanical characteristics are mainly determined by 
four aspects of its topology, i.e., constituent material, number of 
the smallest units (lattice) per unit space, lattice structure, and 
the dimension of each unit. Chen et al. [9] and Tobias et al. [16] 
investigated a set of lattice structures, including planar and three- 
dimensional, and provided a variety of excellent characteristics 
of MM for analysis and research. In the application of footwear, 
a recent study conducted by Amorim et al. [1] exemplifies how 
MMs can be customized to individual foot shapes by combining 
different lattice or Kirigami structures based on the unique user- 
specific plantar pressure maps. Hudak et al. [3] and Nickerson 
et al. [17] explored the impact of the lattice thickness and density 
on the mechanical properties in accommodative footwear. Most 
of the existing studies focus on modifying Voronoi wall thickness 
or altering the lattice types and densities, while the lattice topology 
(each rod’s radius or shape) remains unexplored for user-specific 
adaptations [1,18–24].

While prior studies have demonstrated the feasibility of custom
izing footwear metamaterials through lattice type selection, density 
grading, or regional thickness variation, most existing approaches 
remain limited to coarse-grained or region-wise design parameters. 
In these methods, lattice properties are typically adjusted uniformly 
within predefined zones, and the internal topology of individual 
lattice members is not explicitly optimized [1,25–28].

Therefore, existing research lacks further investigation into the 
effect of lattice topology on the microscopic mechanical properties 
or the lattice dimensions on the macroscopic mechanical proper
ties. To address such a knowledge gap, developing an efficient 
computational method for inverse design is a promising solution, 
which aims to achieve the capability of optimizing the structure 
of MM by individually adjusting each lattice rod, thereby altering 
the local and overall mechanical properties of the shoe sole under 
user-specific loading conditions.

1.2 Role of Comfort and Plantar Pressure in Footwear 
Design. It is believed that the footwear’s flexibility, bending stiff
ness, lightweight, and conformity to the shape of the human foot 
are regarded as important factors influencing perceived wearing 
comfort [29]. However, using the same material for the sole 
implies identical mechanical properties [30]. To achieve better 
cushioning in heel and forefoot areas, adding specialized structures 
in different areas is a commonly applied approach, such as incor
porating gas chamber designs in the forefoot and heel regions [31].

As the mechanical feedback of the sole in response to plantar 
pressure is widely considered to be closely related to comfort per
ception, support, and injury prevention, redistributing plantar pres
sure is a critical factor [32]. Alleviating high-pressure points and 
evenly redistributing plantar pressure has been shown to be associ
ated with improved comfort-related outcomes [33]. To maximize 
comfort, footwear structures should be adapted to accommodate 
plantar pressure and foot geometry, providing cushioning and flex
ibility in areas of higher pressure while offering support in low- 
pressure areas [18,34].

However, most studies still rely on traditional materials and 
basic geometry. Meanwhile, few studies have conducted a quan
titative analysis of the relationship between footwear design and 
comfort, since comfort is too subjective as a factor. Luckily, many 
studies have found that peak pressure and maximum resultant 
force on the sole significantly affect subjective comfort. Addition
ally, the hardness and the strain of the sole that undergoes under 
contact pressure, also play a crucial role in the user’s wearing 
experience [35,36]. Goonetilleke [37] suggested using a touch 
sensation index to measure comfort in different areas of the 
foot, with the touch sensation index for each area assessed 
based on the pressure in that region. This perspective inspired 
this study to investigate whether the localized plantar sole strain 

patterns, which also align with the foot pressure distribution, 
could serve as a surrogate indicator of potential comfort enhance
ment. It is emphasized that such alignment does not directly quan
tify subjective comfort but rather provides a physics-informed 
proxy motivated by prior biomechanical findings. Following 
this direction, this study proposes to leverage the target deforma
tion T(x, y, z) and use it as input for a trained predictive model to 
generate an optimized MM structure. Besides, the mean squared 
error (MSE) can be used to evaluate if the resulting optimized 
MM designs from the predictive model can provide better defor
mation alignment than the under-optimized designs using the con
ventional approach. Therefore, to realize this goal, an effective 
and efficient computational approach for structure optimization 
is necessary to enhance the alignment between plantar pressure 
and localized strain under a surrogate formulation. With such a 
computational approach, if an expected target deformation is 
given, subjective comfort may be indirectly explored through 
its relationship with user-specific plantar pressure and the 
mechanical response of the sole, which is critical to the customi
zation of the MM sole.

1.3 The Applications of Deep Learning Models in Inverse 
Design. According to the existing literature, the optimization of 
MM footwear remains insufficiently explored under comfort- 
related mechanical considerations, while studies on lattice or 
structural designs typically follow a posteriori workflow [9,38]. 
Specifically, this flow adopts a forward design approach, where 
structures are first designed and then tested to evaluate the perfor
mance of different designs to identify the optimal one [28,39]. 
While forward design can identify applicable designs, it falls 
short of achieving personalized customization, as a single structure 
usually cannot be optimal for everyone. To achieve such a goal, tar
geted inverse design could play a critical role, where optimized 
designs are directly generated based on specific needs.

The inverse design requires establishing the relationship 
between the input (e.g., user-specific biological features, such as 
plantar pressure, and mechanical design), the intermediate link 
(e.g., the mechanical response), and the goal (e.g., target mechan
ical response driven by user biomechanical input and user feed
back). This can help to ensure that the design process is tailored 
to individual requirements, bridging the gap between biomecha
nics, material properties, and mechanical design objectives. Fol
lowing this, with the assistance of the emerging DL models to 
quantify such a relationship, the resulting inverse-design model 
can thereby generate an optimized structure based on user-specific 
pressure distribution and the target mechanical response [27,40]. 
Recently, the involvement of DL models has already shown its fea
sibility and potential in advancing inverse design [41,42]. For 
example, Ha et al. [43] explored the application of DL in predicting 
the mechanical behavior of different MM lattices and realized the 
creation of MM based on nearly all possible uniaxial compressive 
stress–strain curves. Zheng et al. [44] realized the inverse genera
tion of MM given the target mechanical properties with different 
DL models.

However, the above-mentioned and many existing inverse- 
design studies using DL mainly focus on homogenous lattice 
structure generation to achieve target mechanical properties 
[45,46]. Therefore, it remains understudied on how to identify 
inhomogeneous lattice structures by fully leveraging the high cus
tomizability potential of MM. Furthermore, most of the DL models 
adopted in the existing research mainly rely on single-modal or 
single-type inputs, where the lattice structure or MM structure is 
determined by target mechanical properties or deformation only. 
Consequently, the user-specific biological features and desired 
mechanical response rarely appear in the input at the same time, 
making it still challenging to better achieve customized inverse 
design. Meanwhile, such multimodality nature of the inputs also 
leads to the critical need for a tailored multimodal DL model and 
an efficient solution to ensure data availability.
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1.4 Teaming Finite Element Analysis and Multimodal 
Deep Learning to Advance Inverse Design. To address the 
gaps mentioned above, it is critical to develop a new computational 
methodology for effective and efficient inverse design, which is 
expected to consider and leverage the high-resolution spatial distri
butions of deformation or pressure on soles. However, in engineer
ing practice, experimentally testing the mechanical performance of 
MM soles can be time-consuming and costly. Besides, embedding 
sensors within a complex sole structure for actual measurements is 
also challenging. To overcome this bottleneck, the FEA modeling 
and simulation could be a promising solution to obtain high- 
resolution deformation and pressure distributions in an efficient 
and cost-effective manner [25–28].

First-principle-based FEA is a noninvasive, time-effective, and 
cost-saving computational method, eliminating the need for phys
ical sensors that are difficult to integrate into complex structures 
and avoiding destructive testing [47]. Therefore, using FEA to 
obtain high-resolution spatial distribution variables of interest, 
such as deformation, stress, and strain, is achievable and can 
address the experimental deficiencies mentioned above [48]. 
With FEA, a 3D computer-aided design (CAD) model of the sole 
can be directly imported, and pressure can be applied at relevant 
locations to simulate the mechanical response of the sole. After
ward, the results can then be exported for further analysis [49,50].

Although FEA can analyze mechanical response given complex 
structures and user-specific pressure distributions, it still cannot 
directly generate an optimized MM sole structure. On the other 
hand, since the available high-resolution spatial data can greatly 
strengthen the DL model for inverse design, this study proposes 
to team DL and FEA to further facilitate the inverse design of 
the MM shoe sole.

Specifically, to make the MM structure more editable for desired 
characteristics, rod radii besides lattice types and density within a 
single lattice can differ, allowing for better alignment with the 
natural pressure distribution of the foot [1,51]. Thus, the DL 
model in this study focuses on generating MM shoe soles in an 
inverse manner to optimize lattice-rod radii based on users’ 
plantar pressure and target characteristics. The DL model takes 
multimodal inputs, i.e., the user-specific plantar pressure image, 
predesigned sole structure information, and mechanical response 
data. As for the mechanical response data, the training data can 
be obtained from FEA simulations. In practice, the predesigned 
user-specific target deformation data T(x, y, z), which represents 
a prescribed mechanical objective rather than a direct measure of 
comfort, will be utilized to generate the DL-optimized MM sole 
structure.

With this teaming mechanism, FEA and DL will serve as two 
major computational components to complement each other in 
the proposed inverse-design method, termed FEA–DL. In the pro
posed FEA–DL, the FEA simulates the mechanical response based 
on plantar pressure and structural information, providing training 
data for the DL model, which can handle multimodal input. Once 
trained, the multimodal DL model can take plantar pressure, struc
ture information, and target deformation metric as inputs to predict 
the optimal MM shoe sole structure with improved agreement to 
the prescribed target deformation. Unlike prior inverse-design 
approaches that rely on single-modal inputs or homogeneous 
lattice assumptions [25–28], the proposed multimodal formulation 
explicitly fuses pressure, geometry, and deformation information, 
enabling localized rod-level optimization rather than global or 
region-averaged parameter tuning.

The major contribution of this study can be summarized by two 
main aspects: (1) this study develops a systematic workflow 
mapping the plantar pressure to the MM shoe sole design and 
further validates the design with FEA and (2) with FEA, this 
study further explores how to adopt DL models to map the objec
tive features from FEA results and plantar pressure to shoe sole 
geometry, which realizes shoe sole inverse design and customiza
tion. The rest of this article is organized as follows. Section 2 dis
cusses the details of the proposed approach. In Sec. 3, the case 

study and experimental results are provided to validate the effec
tiveness of the proposed design. Conclusions and future work are 
discussed in Sec. 4.

2 Methodology
This section presents the proposed computational methodology 

to team FEA and DL, namely, FEA–DL, to advance the inverse 
design of MM-based footwear. It includes an established FEA 
model for data generation (Sec. 2.1), a tailored DL model for 
inverse design modeling (Sec. 2.2), as well as a mechanism of 
FEA-based forward validation and design optimization (Sec. 2.3).

Figure 1 shows the framework of this research, while the FEA 
simulation model is shown in Step D of Fig. 1, and the DL 
model is shown in Step E of Fig. 1. Although this section 
focuses on methodology, utilizing the data and 3D models from 
Steps A to C of Fig. 1 is still necessary for better illustration. 
Data and 3D models used in this section include preprocessed 
plantar pressure, both in grayscale image and matrix format, MM 
shoe sole CAD model generated by RHINOCEROS 3D 7 (Robert 
McNeel & Associates TLM Inc., Seattle, WA) [52] based on X 
lattice structure, MM rod information in matrix format, and geom
etry information indicating the position of the MM rod and overall 
size. Details for experiments are presented in Sec. 3.

2.1 Finite Element Analysis for Data Generation. In the 
forward design of MM shoe soles, plantar pressure and MM struc
ture are independent variables, while FEA results are dependent 
variables. However, the FEA model is crucial for MM’s sole 
inverse design because FEA results are used as input into the DL 
model to predict the MM structure, connecting design parameters 
to target performance. The FEA in this study involves four main 
steps, i.e., importing 3D sole geometry, meshing, importing pres
sure data and boundary conditions, and FEA simulation (see 
Figs. 2(a)–2(d )). The FEA simulations were conducted using 
ANSYS MECHANICAL 2024R2 (Ansys Inc., Canonsburg, PA). The 
MM shoe sole 3D CAD model is generated in RHINOCEROS 3D 7, 
driven by the Grasshopper plugin IntraLattice [53]. The generated 
model can be imported into ANSYS MECHANICAL, as shown in 
Fig. 2(a).

The high-resolution plantar pressure map generated in Step A 
undergoes coordinate transformation and normalization to create 
a tabular file, which is then imported into ANSYS WORKBENCH. The 
processes of coordinate transformation and normalization are 
shown in Eq. (1), where Pnorm(x′,y′) represents the assumed 
plantar pressure at the transformed coordinates and S(x, y) is the 
smoothed and normalized plantar pressure at position (x, y). 
Smin = min

x,y
S(x, y) is the minimum normalized grayscale value, 

and Smax = max
x,y

S(x, y) is the maximum normalized grayscale 
value. The scaling factors, i.e., 100/240 and 250/420, transform 
the original pixelwise coordinate to a millimeter coordinate. 
Besides, multiplying 400-kPa scales the normalized grayscale 
value to a pressure range of 0–400 kPa, as it is a commonly used 
range for plantar pressure [54]:

Pnorm x ·
100
240

, y ·
250
420

􏼒 􏼓

=
S(x, y) − Smin

Smax − Smin
· 400 kPa (1) 

In Fig. 2(c), a fixed support is applied to the bottom surface of 
the sole, while the plantar pressure is projected onto the upper 
surface normally downward. With applied pressure and fixed 
support, the simulation can then be conducted to collect the 
mechanical response of the structure, including results such as 
Z-direction deformation, equivalent stress, normal stress, equiva
lent elastic strain, stress intensity, and strain energy. Given the 
assumption of this study that local deformation–pressure alignment 
can serve as a physics-informed surrogate motivated by 
comfort-related considerations, Z-direction deformation is selected 
from the various simulation results as the target outcome to be 
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collected in this step. Figure 2(d ) shows the distribution of 
Z-direction deformation on the MM shoe sole geometry under 
applied plantar pressure, generated by simple optimization (i.e., 
linear interpolation). With the FEA model, simulation results, con
taining nodal coordinates and corresponding Z-direction deforma
tions, will be exported as input for the DL model.

2.2 Multimodal Deep Learning-Based Inverse-Design 
Model. The tailored multimodal DL model in this study trans
forms traditional cyclic manufacturing-testing approaches by 

establishing quantitative mappings from user-specific data, struc
ture information, and the target performance to the geometric 
design parameters. By correlating heterogeneous inputs with 
design parameters, the tailored DL model can overcome the 
designing-testing loop and thereby provide user-specific, real-time 
inverse design.

In this study, a multimodal convolutional neural network (CNN) 
model is designed and tailored to predict the rod radii of the MM 
shoe sole based on three types of input, namely, pressure distribu
tion image, target stress-deformation data, and rod coordinates. 
This inverse-design model facilitates the customization of the 
MM shoe sole structure to better adapt to plantar pressure under 
a surrogate objective.

The tailored CNN model consists of three submodels, as shown 
in Fig. 3, including: (1) pressure image network: a 2D CNN pro
cesses pressure image data, which is resized and normalized to a 
fixed shape (240 × 420 pixels). This network extracts key spatial 
features of the plantar pressure distribution; (2) stress-deformation 
network: a 1D CNN handles the target stress-deformation data. 
These data are interpolated to a consistent shape and normalized. 
It represents the mechanical response under pressure conditions; 
and (3) rod coordinates network: another 1D CNN processes the 
rod coordinates of the MM structure. The model maintains the 
spatial arrangement of each rod by preserving its 3D coordinates 
(X,Y,Z) without flattening. The outputs of the three subnetworks 
are concatenated and passed through a series of fully connected 
layers. The final output layer predicts the radius for each rod in 
the MM structure, which is a list with a length of 640. In Fig. 1, 
the data used for training the DL model are backgrounded with 
light green, while the output of the DL model is underlined.

By training this model, this study aims to map the desired rod 
radii of the MM shoe sole given the user’s plantar pressure, the 
coordinates of the rod midpoints in the MM CAD model, and 
the Z-direction deformation response. Thus, when applying the 
trained model, the required inputs include the user’s plantar pres
sure data, the coordinates of the rod midpoints in the MM CAD 
model, and the target deformation for each element. The model 
then outputs the optimized radii for the MM shoe sole rods. 
When using the trained multimodal CNN model, the target defor
mation values are defined based on user-specific needs and are not 
derived from FEA simulation results. This approach allows cus
tomization of the shoe sole’s mechanical properties to enhance 
deformation alignment according to individual preferences 

Fig. 1 Methodology workflow of the proposed inverse-design model integrating DL and FEA

Fig. 2 FEA simulation details using the MM shoe sole: (a) CAD 
model import, (b) meshing, (c) fix support on the bottom surface 
and plantar pressure on top surface, and (d) Z-direction 
deformation
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through optimization over each rod’s dimension, aligning them 
with the user’s unique plantar pressure profile.

2.3 Design Optimization and Finite Element Analysis- 
Based Forward Validation. Once the DL model is trained, the 
model will be used to generate the inverse-designed MM sole struc
ture. FEA will be further used to validate the proposed design by 
comparing whether the proposed design has a better match to the 
plantar pressure than a benchmark.

To generate a DL-optimized MM shoe sole structure, it is essen
tial to design the target deformation data. These data are generated 
by deriving the range of Z-direction deformation from the original 
FEA results and creating a pressure weight based on plantar pres
sure, along with a height weight based on the Z-coordinate. Equa
tion (2) provides the mathematical expression for target 
deformation T(x, y, z). Here, wp is designed to induce greater 
deformation in areas with higher pressure, while wz aims for 
larger deformations closer to the top surface. Rd refers to the 
range of Z-direction deformation. The formula wp(x, y) = p(x, y)/
Range(P) refers to the plantar pressure weight, where p(x, y) is 
the plantar pressure on interpolated coordinates (x, y). Further
more, wZ(z) = (z − min (Z))/Range(Z), which increases monotoni
cally along the vertical direction and assigns a larger target 
deformation to points closer to the top surface. With the three 
inputs, the DL model can then generate optimized lattice radii, as 
shown in Fig. 1 (Step E):

T (x, y, z) = Rd · wp(x, y) · wz(z) (2) 

The MM shoe sole geometry generated based on the new plantar 
pressure image and target deformation will be simulated in ANSYS 

and compared with the MM shoe sole geometry created solely 
from plantar pressure by Step B of Fig. 1. To determine which of 
the two structures exhibits deformation that is more closely 
aligned with the plantar pressure distribution, a metric needs to 
be designed for comparison.

The metric used to evaluate the alignment between the target 
deformation and the actual deformation obtained from FEA is 
the MSE, as shown in the following equation:

MSE =
􏽘

x,y,z

(T(x, y, z) − A(x, y, z))2

n
(3) 

Specifically, MSE is calculated by taking the square of the dif
ference between the target deformation T(x, y, z) and FEA- 
validated deformation A(x, y, z) for each node from elements, 

summing these squared differences across all nodes, and then 
dividing by the total number of nodes n. The target deformation 
T(x, y, z) is designed as a surrogate mechanical response that 
reflects desired alignment with plantar pressure distribution. The 
evaluation metric is therefore used to evaluate how well the FEA- 
validated deformation matches the prescribed target deformation, 
rather than serving as a direct measure of perceived comfort.

3 Case Study
The case study demonstrates a pipeline that personalizes an MM 

shoe sole from plantar pressure to a manufacturable design. Start
ing from a plantar pressure dataset, the dynamic pressure sequences 
are converted into static, high-resolution pressure images. The pro
cessed images are projected onto the sole to generate a linear- 
interpolated MM sole design and drive high-fidelity FEA over 
nine materials. With the linear-interpolated MM sole designs and 
FEA deformation data, a multimodal CNN model is trained. Per
formance is quantified through the MSE between the FEA- 
validated deformation and the prescribed target deformation 
T(x, y, z), as well as the percentage reduction relative to the linear- 
interpolated baseline. Notably, as the linear interpolation method 
does not sufficiently optimize the structure according to the exper
iment results, the sole models generated through this method are 
referred to as “under-optimized” models.

3.1 Data Description and Preprocessing. The plantar pres
sure data is from the CAD WALK Healthy Controls Dataset 
[55], which contains the raw dynamic plantar pressure collected 
from 55 healthy Dutch individuals. For each individual, 24 trials 
were conducted to collect dynamic plantar pressure measurements 
from both feet. Each data sample contains 300–400 frames of 
dynamic pressure data, with each frame being an image approxi
mately 40 pixels in length and 24 pixels in width. Since these 
data are nonstatic, low-resolution, and inconsistent in resolution, 
it needs to be converted into a static form, resized, and enhanced 
through denoising and smoothing to improve resolution for subse
quent use. Figure 4 shows the framework of the preprocessing 
procedure.

Equation (4) shows that the static plantar pressure Spp is obtained 
by taking the maximum value of the dynamic plantar pressure Dpp
over the time series (frames). Equation (5a) shows the resizing 
process from static plantar pressure images to the target resolution 
image I using cubic interpolation. Equations (5b) and (5c) represent 
the scaling factors sx and sy, which determine the resizing ratios 

Fig. 3 An illustration of the tailored multimodal CNN model for inverse design
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along the vertical and horizontal dimensions, where (Tx,Ty) denotes 
the target resolution and (Sx, Sy) denotes the original resolution:

Spp(x,y) = max
t

Dpp(x, y, t) (4) 

I (x, y) = Spp(x · sx, y · sy) (5a) 

sx =
Tx

Sx
(5b) 

sy =
Ty

Sy
(5c) 

After this step, the images are resized to 42 × 24 pixels. Equation 
(6) demonstrates increasing the resolution of I to H by a factor z of 
10 using cubic interpolation. This step improves the image’s reso
lution to 420 × 240. Equation (7) demonstrates the use of Gaussian 
filtering on the H to further reduce noise, resulting in a smoother 
plantar pressure distribution S. u and v represent the relative dis
placement of neighboring pixels in the image. σ = 6 is the standard 
deviation of the Gaussian filter. For FEA, the pressure images are 
normalized to a range of 0–400 kPa as clarified and sampled to a 
XY-coordinate-based table [54]:

H(x, y) = I
x
z

,
y
z

􏼒 􏼓

(6) 

S(x, y) =
1

2πσ2

􏽚∞

−∞

􏽚∞

−∞
H(x − u, y − v)e

−u2+v2

2σ2

( 􏼁

dudv (7) 

The processed high-resolution plantar pressure distribution map 
will: (1) be employed to generate the under-optimized MM shoe 

sole models, (2) serve as input for FEA to conduct mechanical 
analysis on the CAD model after normalization, and (3) be used 
as input for training the DL model and validating the inverse 
design.

3.2 Sole Outline. In this subsection, the sole geometry is first 
defined by constructing the upper and lower bounding surfaces 
over a 250 mm × 100 mm footprint. Then, the pressure control 
points are placed on an XY plane onto which the plantar pressure 
maps are projected. Multiple candidate MM lattice types are com
pared, and the X lattice is selected based on the criteria. Finally, the 
X lattice infills the volume between two surfaces, with each rod’s 
radius assigned using a distance- and pressure-weighted linear 
interpolation between 0.8 and 1.6 mm on nearby control points. 
These MM sole CAD geometries are used both to build the training 
set and as the under-OPT baseline for comparison with the 
DL-optimized designs.

Specifically, the 3D modeling of the shoe sole was conducted 
using software RHINOCEROS 3D 7 (from Robert McNeel & Associates 
TLM Inc., Seattle, WA). The initial outline of the sole was 
sketched by referring to the bottom and side views of the Adidas 
Ultraboost Light Core [56] shown in Step B of Fig. 1. In RHINOC

EROS 3D 7, two 3D surfaces were created to match the side profile 
and top-bottom outline of the Adidas Ultraboost Light Core. 
These two surfaces are defined as the upper and lower boundaries, 
as shown in Fig. 5(a). In the top view, the length and width of the 
shoe sole are constrained within 250 mm × 00 mm, respectively, as 
these values are close to the median based on a survey study [57].

Within the 250 mm × 100 mm area, 25 × 10 pressure control 
points are generated to map the plantar pressure distribution. 
Between the two surfaces, 10 × 4 × 2 central points are interpo
lated to position the MM lattice structure, with each lattice rod’s 

Fig. 4 The procedures of the plantar pressure data preprocessing

Fig. 5 The leveraged shoe sole outline and control points generation: (a) upper and lower 
surface, (b) plantar pressure and lattice structure control points, (c) map plantar pressure on 
control points, and (d) plantar pressure reference map
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midpoint serving as the control point for the lattice structure. The 
two sets of control points are shown as red crosses in Fig. 5(b). 
The lattice structure control points in Fig. 5(b) are based on the 
X lattice structure, which will be discussed in Step C. The 
X lattice structure consists of 8 rods, resulting in 640 lattice struc
ture control points displayed in the figure.

To visualize the approximate distribution of plantar pressure on 
the sole model, the high-resolution pressure map S is projected onto 
the 250 mm × 100 mm area, with each pressure control point’s 
coordinates used to retrieve the corresponding pressure value 
from the image. In Fig. 5(c), the pressure magnitude is visualized 
as circles, with larger circles representing higher plantar pressure 
at the point. By comparing Figs. 5(c) and 5(d), it can be observed 
that the mapped pressure distribution is consistent with the refer
ence pressure map.

3.3 Metamaterial Lattice Selection. Currently, several 
common types of lattice structures are used in MM and structural 
design [53], each with unique characteristics that fit specific appli
cations. In Step C of Fig. 1, 10 different examples of lattice struc
tures are listed, whose representative mechanical properties are 
summarized in Table 1 and used as the basis for selecting the 
X lattice in this study.

Given that this study is an initial attempt to optimize MM struc
tures to improve sole deformation–pressure alignment, it is impor
tant to select a lattice structure that is uniform, isotropic, and easy 
to optimize. The X lattice structure is chosen for (1) it consists of 
only eight rods, which minimizes the number of components; 
(2) the rods are oriented in four directions, but each rod is vertical 
to the other three, making it one of the most isotropic structures; 
and (3) the X structure has no horizontal rods, eliminating the 
need for complex support structures and facilitating easier 3D 
printing. Figure 6(a) shows the result of filling the space between 
the surfaces with the X lattice structure. Each line segment repre
sents a rod, while the dots are the lattice structure control points, 
which are the midpoints of each rod.

3.4 Metamaterial Sole Generation. In this study, the macro
scopic mechanical properties of the lattice structure are modified 
by controlling the radius of each rod within the lattice. The 
radius of each rod in the MM structure is controlled by the distance 
to the nearest control point and the plantar pressure at that point. 
The plantar pressure values are scaled to the grayscale range 
from 1 to 255 by multiplying by a factor Wreg. This normalization 
ensures consistency across the dataset, allowing pressures of 
varying magnitudes to be compared and processed on the same 
scale.

For each control point, a preliminary radius value Rbase is calcu
lated by dividing the distance by the normalized pressure factor 
Wreg. This approach enables the model to account for pressure var
iations: areas with higher plantar pressure result in smaller base 
radii, while regions with lower pressure yield larger base radii. 
By correlating rod thickness to pressure, the structure can adapt 
to differing load requirements across the sole.

Finally, the Rbase values are normalized within a practical range 
of 0.8–1.6 mm to determine the final rod radii. This step ensures 
that the radii remain within feasible structural integrity and manu
facturability limits. Consequently, the rod radii are dynamically 
adjusted according to the plantar pressure distribution, allowing 
the MM structure to provide preliminary tailored support and 
cushioning.

The MM shoe sole structure generated based on this method is 
shown in Fig. 6(b). Extending the two upper and lower surfaces 
in Fig. 6(a) inward by 2 mm each, the sole’s top and bottom 
solid surfaces are created to apply pressure and provide support. 
This results in an initial customized MM-based shoe sole CAD 
model driven by plantar pressure, as shown in Fig. 6(c). After 
obtaining the CAD model, the coordinates of each rod’s midpoint 
and the radius of each rod are exported. These data will be used to 
train the DL model.

However, due to significant variations in the generated rod 
dimensions, 13 MM structures derived from plantar pressure data 
could not form effectively closed surfaces in RHINOCEROS 3D 7, pre
venting the generation of an FEA-ready CAD model. Conse
quently, the actual number of training samples used for the 
multimodal CNN model was 42.

Table 1 Properties of the common lattice structures 

Name Mechanical properties

Cross High strength, rigid, heavy duty
Diamond Flexible, energy absorption, good cushioning
Grid Uniform strength distribution, simple structure but lacks flexibility
Honeycomb Lightweight, great cushioning, energy absorption, ideal for comfortable footwear
Octet Isotropic in strength
Star Stable, deformation resistant, heavy duty
Tesseract Enhanced rigidity, heavy duty
Vintiles Lightweight, flexible, good energy dissipation and impact absorption, good cushioning
X Highly flexible, good impact resistance, isotropic

Fig. 6 MM-based shoe sole structure generation with X lattice: 
(a) shoe sole framework, (b) MM shoe sole structure with under- 
optimized radii, and (c) complete MM shoe sole CAD model
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3.5 Finite Element Analysis–Deep Learning Model Setup. 
In this subsection, the coupling of the high-resolution FEA with 
a multimodal CNN is introduced in detail. In ANSYS, nine materials 
are simulated over under-optimized geometries under correspond
ing subject-specific pressure loads. The sole is meshed at about 
0.4–0.47 million nodes, and nodewise Z-direction deformation is 
exported. The multimodal CNN model comprises three branches 
fusing pressure, geometry, and deformation to predict the MM 
rod radii.

3.5.1 Finite Element Analysis Setup. In ANSYS MECHANICAL 

2024R2, nine kinds of materials are used for the MM structure gen
eration. The key mechanical properties involved, including 
Young’s modulus, Poisson’s ratio, and density, are listed in 
Table 2.

Structural steel was used in our previous study [58]. The choice 
of structural steel for mechanical simulation is based on two 
primary considerations. First, in the elastic phase, structural steel 
exhibits a well-defined linear relationship between stress and 
strain. This simplifies the problem, enabling the DL model to 
more effectively map the relationship between pressure, actual/ 
target deformation, and geometry. Additionally, many organic 
and inorganic materials also show linear or near-linear stress– 
strain behavior, so using a material with straightforward physical 
characteristics helps validate the feasibility and potential of this 
study’s framework.

Second, from an application perspective, MM materials consist 
of numerous rods, inevitably leading to stress concentrations at 
the nodes, which require high fatigue resistance. Conventional 
3D-printed organic materials have limited fatigue endurance, and 
with rod radii ranging only from 0.8 to 1.6 mm, elastic resins are 
generally insufficient to support body weight effectively. In practi
cal applications, metal materials could be considered for the MM 
shoe sole structure, using tougher metals for the sole skeleton 
and foam as filler to achieve stress resistance, durability, and cus
tomizable pressure-adaptive deformation. Thus, simulating struc
tural steel is a forward-looking approach.

With outstanding performance and potential, our inverse design 
framework shows with structural steel in our prior study [58], this 
study extended the materials employed to EVA, which is widely 
used in the shoe industry [59,60]. However, EVA is too soft 
when constructed as a lattice structure in MM shoe soles, given 
its Young’s modulus ranging from 15 to 80 MPa [61]. With 
EVA as a constituent material for the MM shoe sole, the largest 
deformation can be as much as 50 mm, which is not realistic and 
acceptable for footwear.

Thus, we further extended the selection to materials with larger 
Young’s modulus, including plastic ABS, polyethylene, epoxy 
resin, polyamide resin, polyester resin, and carbon fiber. The 
mechanical properties of the extended materials are given by 
ANSYS’s engineering data sources [62]. It is worth noting that the 
carbon fiber material is anisotropic in Young’s modulus. To 
assess whether anisotropy affects our model, two orthotropic 
carbon fiber cases with the principal fiber direction aligned with 
the global X- and Y-axes are evaluated, respectively, whose specific 
directional Young’s moduli and Poisson’s ratios are given in 
Table 2.

A tetrahedral FEA mesh is generated to discretize the MM solid 
structure of the shoe sole. The structure is meshed with sufficiently 
small elements to obtain high-resolution results (see Fig. 2(b)). The 
subsequent plantar pressures were applied to finer contact points on 
the upper surface. The total number of mesh nodes ranges from 
386,885 to 466,870. Since the original image contains a total of 
100,800 pixels, to simplify the FEA computation, pixels with gray
scale values less than 1 are skipped in the image data. This method 
filters out approximately 30–60% of the area, which does not affect 
the FEA results because the pressure in these regions is too low to 
impact the structure. The skipped pressure nodes form a boundary 
for the plantar pressure imported into FEA. For a few un-skipped 
pressure nodes but outside the upper surface, they are not taken 
into consideration since the number of the nodes is small, and 
the pressure values are small. With the FEA model, deformation 
data of 466,870 nodes with their coordinates and Z-direction defor
mations will be exported as input for the DL model.

3.5.2 Deep Learning Model Setup and Training. The DL 
model is CNN-based, which captures features in the plantar pres
sure image and features in the structure and nodewise deformation. 
The DL model consists of three submodels to process three differ
ent inputs, as shown in Fig. 3.

The plantar pressure submodel processes normalized 2D pixel
wise grayscale plantar pressure images, with a resolution of 
420 × 240. The submodel consists of three 2D convolutional 
layers with 3 × 3 kernels and filter sizes of 32, 64, and 128, respec
tively. Each convolutional layer is followed by ReLU activation 
and a max-pooling operation with a pooling factor of 2. The result
ing feature maps are flattened and passed through a fully connected 
layer with 128 output units, capturing the spatial pressure charac
teristics for further processing.

The deformation submodel is designed to encode mechanical 
deformation data obtained from FEA simulations. Raw FEA 
outputs include the 3D coordinates and Z-direction deformation, 
enabling it to learn patterns in spatial deformation distribution. 
This submodel applies two 1D convolutional layers with kernel 
size 3 and filter sizes 64 and 128, respectively, each followed by 

Fig. 7 Loss curves of the tailored multimodal CNN model

Table 2 Mechanical properties of the applied materials 

Mechanical 
properties

Structural 
steel

Carbon fiberX 
(230 GPa)

Carbon fiber Y 
(230 GPa) EVA

Plastic 
ABS Polyethylene

Resin 
epoxy

Resin 
polyamide

Resin 
polyester

Young’s modulus 
(GPa)

200 X: 230, Y: 23, Z: 
23

X: 23, Y: 230, Z: 
23

0.05 2.09 1.10 3.78 1.62 3.00

Poisson’s ratio 0.3 XY: 0.2, YZ: 0.4, 
XZ: 0.2

XY: 0.2, YZ: 0.2, 
XZ: 0.4

0.32 0.4089 0.42 0.35 0.41 0.316

Density (kg/m3) 7850 1800 1800 965 1030 950 1160 1140 1200
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ReLU activation and a max-pooling operation with a pooling factor 
of 2. The resulting feature maps are flattened into a single 
128-dimensional latent representation, which serves as the defor
mation feature embedding and is subsequently fused with pressure 
and geometry features for rod-radius prediction.

The rod coordinates submodel processes the coordinates of the 
midpoints of the rods in the lattice structure, capturing spatial rela
tionships among these control points. It includes two 1D convolu
tional layers with kernel size 3 and filter sizes 32 and 64, 
respectively, each followed by ReLU activation with a max- 
pooling operation with a pooling factor of 2. The resulting 
feature maps are flattened into a 32-dimensional latent representa
tion, which is fused with pressure and deformation features for 
rod-radius prediction.

The outputs from these three submodels are concatenated along 
the feature dimension into a combined feature vector of size 288 
(128 + 128 + 32). This combined vector is passed through a fully 
connected layer with 256 neurons, followed by a ReLU activation. 
A final fully connected output layer maps the fused features to a 
640-dimensional vector, where each element corresponds to the 
predicted radius of an individual rod in the MM shoe sole structure. 
This end-to-end architecture enables simultaneous consideration of 
plantar pressure, mechanical response, and lattice geometry in a 
single forward pass.

These sub-models provide complementary representations of 
pressure, geometry, and deformation, enabling an integrated 
model to predict the optimized radii for rods in the MM shoe 
sole. This model receives three inputs, i.e., pressure image with res
olution of 420 × 240, deformation data with shape of N × 4, where 
N denotes the number of nodes, and rod coordinates with shape of 
640 × 3. The number of nodes ranges from 386,885 to 466,870. 
This variation is due to differences in the 3D CAD models of the 
MM shoe sole, which lead to slightly different mesh generations.

To standardize input dimensions across samples without intro
ducing cross-sample information, a copy-based data filling strategy 
is adopted. Specifically, for each sample, the node-wise deforma
tion data matrix is expanded to a fixed target length equal to the 
maximum node count observed in the dataset (466,870 nodes). A 
matrix with 466,870 rows is first initialized, after which the origi
nal deformation data are copied sequentially into the expanded 
matrix to fill the remaining rows. This procedure does not introduce 
deformation information from other samples and preserves sample- 
level independence, while enabling uniform input sizing for the 
deformation submodel.

The multimodal CNN architecture used for model deployment is 
summarized in Table 3, which details the structure of each sub- 

model, the associated input and output dimensions, and the 
feature fusion strategy. This table serves as a concise reference 
for the implemented network and facilitates reproducibility of the 
proposed inverse-design approach.

The combined model is trained on 42 samples for 50 epochs with 
a batch size of 4. Adam optimizer is applied with a learning rate of 
0.001. The MSE loss is set as the criterion. At the preliminary 
exploration stage, the 42 available samples were split into a train
ing set (33 samples) and a testing set (9 samples) using an 8:2 ratio. 
During training, both training loss and testing loss were recorded to 
assess convergence and overfitting behavior, as shown by the 
curves in Fig. 7. The loss evolution indicates that the model con
verges within the first 20 epochs, while occasional overfitting beha
vior (manifested as several peaks in testing loss) can be observed 
after approximately the 25th epoch.

Considering the severely limited sample size, training the model 
using all 42 samples was explored. The corresponding training 
loss, as shown in Fig. 7, exhibits a smoother trajectory compared 
with training on 33 samples, which generally indicates improved 
convergence stability. In addition, it is observed that loss (MSE) 
alone is not a fully reliable indicator of design quality in this 
inverse-design setting, as lower loss does not necessarily imply 
better regional alignment between deformation and plantar pres
sure distributions, particularly when the model is deployed using 
a prescribed target deformation as the third input.

Based on these considerations, all 42 samples were used for 
training in the final model deployment. As no testing loss was 
available to support an early stopping strategy, the model parame
ters at the end of the 20th epoch were selected for deployment, 
shown as the larger dots marked in Fig. 7, guided by the loss behav
iors observed in both the split-training and all-sample training 
experiments. Accordingly, overfitting is mitigated by training on 
all available samples to improve convergence stability and by 
selecting the model at the 20th epoch, well before overfitting beha
vior is observed in preliminary experiments.

The multimodal CNN model thus effectively synthesizes fea
tures from diverse inputs, i.e., pressure, rod geometry, and defor
mation, enabling it to predict optimized rod radii tailored to the 
plantar pressure distribution and the structure’s response to 
stress. This architecture captures complex interactions among the 
input variables and provides a comprehensive solution for optimiz
ing the MM shoe sole structure.

3.6 Results and Discussion. In this subsection, the pipeline is 
validated via forward FEA by comparing DL-optimized designs to 

Table 3 Architecture of the proposed multimodal CNN models 

Submodel Input type
Input 

dimension Layers Kernel/pooling
Output 

dimension Purpose

Pressure image 
network

Plantar pressure 
image

420 × 240 × 1 3 × 2D Conv + FC Conv: 3 × 3 kernels, 
filters = 32/64/128 
Max-pooling: factor 2 
after each conv

128 Extract spatial features of 
plantar pressure distribution

Deformation 
network

FEA deformation 
data (nodewise)

466,870 × 4 2 × 1D Conv Conv: kernel size 3, 
filters = 64/128 
Max-pooling: factor 2 
after each conv

128 Encode high-resolution 
mechanical response 
patterns

Rod coordinates 
network

Rod midpoint 
coordinates

640 × 3 2 × 1D Conv Conv: kernel size 3, 
filters = 32/64 
Max-pooling: factor 2 
after each conv

32 Preserve lattice geometry 
and spatial relationships

Feature fusion Concatenated latent 
features

128 + 128 + 32 Concatenation – 288 Fuse multimodal 
representations

Fully connected 
layer

Fused feature 288 FC + ReLU FC neurons: 256 256 Learn joint nonlinear 
mapping

Output layer Rod radii prediction – FC 640 Predict the radius of each 
lattice rod
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under-optimized designs against target deformation. The DL 
designs consistently reduce MSE by roughly 48–80% relative to 
the under-OPT baseline. Minor differences in mesh size are 
observed under identical meshing settings. These results indicate 
that, compared with the under-OPT baseline, the DL-optimized 
designs exhibit deformation patterns that more closely match the 
prescribed target deformation, with increased deformation in high- 
pressure regions and reduced deformation in arch regions.

3.6.1 Forward Validation With Finite Element Analysis 
Simulation Results. This step is to use the trained multimodal 
CNN model and target deformation data to generate and validate 
the DL-optimized MM shoe sole geometry. Before generation, 
the target deformation should be defined according to the user’s 
plantar pressure based on Eq. (2). Figure 8(a) shows the pressure 
weight distribution on the XY plane for FEA elements, and 
Fig. 8(b) illustrates the distribution of T(x, y, z) after applying 
both wp and wz. Darker regions in Fig. 8(b) indicate areas where 
larger target deformations are intended.

Under this scenario, the plantar pressure of three individuals 
(C04, C24, C38) is used to generate MM shoe soles over nine mate
rials. The newly generated MM shoe sole geometries are subjected 
again to the corresponding plantar pressure loading in the FEA 
simulation environment. This analysis yields Z-direction deforma
tion results for the DL-optimized structures. Comparing these 
results with the target deformation, the MSE for the under- 
optimized structures and DL-optimized structures is obtained, as 
shown in Table 4. In this table, under-OPT models indicate the 
under-optimized models, while OPT models indicate the 
DL-optimized models.

From Table 4, the number of nodes for DL-optimized models is 
less than the number of nodes for under-optimized models for any 
individual with any material. The MSE of a model is calculated 
based on the mechanical response from FEA and the target defor
mation T(x, y, z). The value of the MSE indicates whether the sim
ulated mechanical response can comply with our expectations. A 
smaller MSE indicates closer agreement between the simulated 
deformation field and the prescribed target deformation T(x, y, z), 
reflecting improved deformation–pressure alignment under the 
assumed surrogate formulation. As the Young’s moduli for the 
materials are different, the observed deformation can vary by 
the order of magnitude. Thus, the MSE varies a lot by the order 

of magnitude as well. Materials with a larger Young’s modulus 
have relatively lower MSE, while those with a smaller Young’s 
modulus have relatively larger MSE. Yet, the comparison is 
between under-optimized models and DL-optimized models. 
Meanwhile, the percentage of MSE reduction can be used for 
between-group comparisons.

Given the percentage of MSE reduction in the last column, the 
DL-optimized MM shoe sole structures demonstrate substantial 
improvements in deformation tracking relative to the target defor
mation, with reductions ranging from 48% to 80% compared to 
under-optimized baselines, which suggests improved pressure- 
adaptive deformation behavior under the adopted surrogate formu
lation. It is worth noting that the smallest percentage of MSE 
reductions occurs when the material is structural steel, while the 
softest material, EVA, does not show further significant reduction. 
It might be caused by the structural steel’s extremely high Young’s 
modulus, but it needs to be further investigated.

Figure 9 shows an intuitive comparison of deformation between 
the under-optimized geometry and our proposed DL-optimized 
geometry. In this figure, it is noticeable that the DL-optimized 
geometry exhibits deformation patterns that more closely follow 
the plantar pressure distribution, particularly in high-pressure 
regions such as the big toe area. Meanwhile, the arch of the 
DL-optimized design is also much more solid according to the 
lower plantar pressure in Fig. 5(d).

3.6.2 Manufacturing Customized Metamaterial Shoe Sole. 
The prototype shoe sole was designed with optimized MM rod 
radii to demonstrate regionally varying mechanical characteristics 
under the proposed surrogate design objective. The design allows 
the sole to achieve nonuniform stiffnesses across multiple zones, 
resulting in a nonuniform stiffness distribution across different 
regions of the sole. Specifically, the forefoot and heel regions 
exhibit lower stiffness, while the arch regions exhibit relatively 
higher stiffness under the prescribed design parameters.

The DL-optimized MM shoe sole was brought into reality with 
additive manufacturing by a stereolithography machine, utilizing 
Elastic Resin to achieve the required flexibility and durability. 
This material was selected for its ability to support 
proof-of-concept fabrication rather than replicate the mechanical 
behavior of commercial footwear materials. The precise control 
offered by 3D printing enabled the accurate construction of the 

Fig. 8 (a) Heat map of the target deformation weighted by plantar pressure and (b) heat map of 
the target deformation weighted by both plantar pressure and Z-coordinates
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intricate MM structure, faithfully reproducing the optimized rod 
radii and overall design. This step ensured that the DL-optimized 
design can be translated seamlessly into a functional physical 
prototype.

As shown in Step G of Fig. 1, the DL-optimized MM shoe sole 
prototype exhibits visually observable deformation behavior under 
applied loading. Specifically, Fig. 1(a) shows the sole’s flexible 
structure, while Fig. 1(b) and 1(c) highlight how the sole com
presses under applied pressure. These characteristics demonstrate 
the potential of MM-based soles to provide region-specific 
mechanical response through lattice-level geometric variation, 
highlighting the manufacturability of pressure-adaptive MM shoe 
sole designs under the proposed framework. This customized 
sole prototype shows the efficiency of MM design in footwear 
applications. The DL-optimized structure with adaptive support 
could serve as a foundation for future studies investigating 
pressure-adaptive mechanical responses using quantitative 
mechanical testing and human-subject evaluation.

3.6.3 Limitations and Outlook. In this study, linear-elastic 
materials are employed in FEA simulations to enable efficient 
structural design generation and model training for inverse 

design. While this assumption facilitates accelerated simulation 
and stable training, it does not capture the nonlinear behavior of 
real footwear materials, such as EVA foams and elastomeric poly
mers. Consequently, the simulated mechanical responses should be 
interpreted as relative deformation trends under a surrogate formu
lation rather than as a direct predictor of the real performance of 
footwear products.

The resin-based prototypes fabricated in this study serve as 
proof-of-concept realizations of the DL-optimized MM shoe sole 
structures and demonstrate the manufacturability of the proposed 
designs using additive manufacturing. For industrial footwear 
applications, this workflow can be extended by calibrating materi
als using experimental stress–strain data and incorporating nonlin
ear constitutive laws, such as hyperelastic or viscoelastic models, 
into the FEA–DL loop.

In addition, the present study adopts a static plantar pressure rep
resentation corresponding to a peak or maximum-pressure condi
tion, rather than explicitly modeling time-resolved gait dynamics. 
This simplification is intentional and reflects the scope of this 
work, which aims to investigate the adaptation of MM shoe sole 
structures to static plantar pressure distributions within an inverse- 
design framework. The proposed methodology, case studies, and 

Table 4 MSE comparison between under-optimized geometries and DL-optimized geometries 

Part # Material
# of nodes for under-OPT 

model
# of nodes for OPT 

model
MSE of under-OPT model 

(mm2)
MSE of OPT model 

(mm2)
% MSE 

reduction

C04 ST 465,244 459,987 6.75E−07 3.48E−07 48.55
C04 CF 465,244 460,624 7.05E−04 1.93E−04 72.59
C04 CFY 465,244 458,317 3.20E−04 1.06E−04 66.95
C04 EVA 465,244 460,158 1.63E+02 5.34E+01 67.26
C04 PABS 465,244 460,706 9.07E−02 3.37E−02 62.82
C04 PE 465,244 459,295 3.26E−01 7.25E−02 77.75
C04 REX 465,244 459,271 2.83E−02 7.64E−03 72.99
C04 RP 465,244 459,872 4.54E−02 1.55E−02 65.82
C04 RPA 465,244 457,250 1.51E−01 3.62E−02 76.03
C24 ST 464,471 460,053 7.55E−07 3.46E−07 54.19
C24 CF 464,471 460,110 9.04E−04 2.08E−04 77.00
C24 CFY 464,471 460,060 4.54E−04 1.18E−04 73.91
C24 EVA 464,471 458,417 2.02E+02 6.23E+01 69.13
C24 PABS 464,471 461,873 1.12E−01 4.67E−02 58.35
C24 PE 464,471 459,985 4.03E−01 7.91E−02 80.36
C24 REX 464,471 459,879 3.50E−02 7.84E−03 77.60
C24 RP 464,471 457,287 5.61E−02 1.05E−02 81.23
C24 RPA 464,471 458,884 1.87E−01 3.77E−02 79.79
C38 ST 464,740 458,270 4.45E−07 1.95E−07 56.25
C38 CF 464,740 457,238 1.32E−03 2.97E−04 77.61
C38 CFY 464,740 458,447 7.08E−04 1.83E−04 74.19
C38 EVA 464,740 460,408 2.98E+02 9.16E+01 69.28
C38 PABS 464,740 459,620 1.65E−01 3.97E−02 75.98
C38 PE 464,740 458,865 5.94E−01 1.44E−01 75.76
C38 REX 464,740 460,450 5.17E−02 1.67E−02 67.62
C38 RP 464,740 459,341 8.29E−02 2.32E−02 72.02
C38 RPA 464,740 460,329 2.22E−01 4.99E−02 77.50

Fig. 9 FEA Z-direction deformation comparison: (a) under-optimized geometry and (b) DL-optimized geometry
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resulting designs are therefore not intended to directly optimize or 
predict performance across different gait phases. While dynamic 
gait behavior is an important and unavoidable aspect of footwear 
biomechanics, incorporating multiphase or time-dependent 
loading would substantially increase modeling and data require
ments. Extending the current framework to account for sequential 
gait phases or time-resolved pressure fields represents an important 
direction for future research.

While the present study focuses on X-lattice structures for rela
tive isotropic mechanical behavior and reduced computational cost 
in training and optimization, the proposed framework is not 
restricted to a single lattice structure. Future work will be extended 
to include more lattice structures. To support topology-aware 
learning, graph-based representations and graph neural networks 
(GNNs) will be explored [63], enabling direct encoding of node 
connectivity and spatial relationships without reliance on fixed 
lattice layouts. Specifically, lattice structures can be represented 
as graphs by treating rod junctions as nodes and physical connec
tions between junctions, which are rods, as edges. Node attributes 
may encode spatial coordinates, local mechanical responses, and 
design variables, while edge attributes can describe rod radii, rod 
length, rod angle, etc.

Finally, the proposed inverse-design framework inherently relies 
on the fidelity of the FEA model. Any modeling assumptions or 
simplifications in boundary conditions, contact modeling, or mate
rial behavior may propagate through the DL surrogate and influ
ence the optimized designs.

4 Conclusions and Future Work
This study demonstrates the potential of MM-based shoe sole 

inverse design for customized footwear and develops a promising 
workflow that integrates FEA and DL for structural design and 
optimization. By leveraging DL to refine MM radii, the inversely 
designed shoe sole can achieve region-specific stiffness, better 
aligning with each user’s unique plantar pressure distribution. 
With efficient and effective inverse design enabled by the proposed 
FEA–DL integration approach, the preliminary results also demon
strated significantly improved user-specific mechanical response 
and reductions in the deformation-tracking error ranging from 
40% to 80% under the adopted surrogate formulation and FEA 
validation.

The target deformation proposed in this study is designed as a 
surrogate mechanical objective to guide inverse design and serve 
as an input for the DL model. Yet, this function can be further 
improved and more carefully designed. As this work has already 
demonstrated that the DL-optimized model can improve the defor
mation–pressure alignment to the target deformation, any designed 
target deformation can be used as the input for the trained DL 
model, and thus, the DL-optimized MM shoe sole structures can 
have a corresponding mechanical response. This flexibility high
lights the potential of the framework for future customized or 
medical applications, although their specific effectiveness requires 
further investigation.

Future work will focus on extending the methodology frame
work to support more complex lattice structures and refining DL 
models, potentially through GNNs for spatial learning [64] and 
physics-informed deep learning [65]. Improvements in data acqui
sition strategies, such as data augmentation with machine learning 
models [66–68], will also be considered to support higher-fidelity 
training. On the simulation side, FEA will be expanded to investi
gate how different constituent materials influence the mechanical 
response of MM soles. Expanding FEA simulations to include 
more mechanical properties and dynamic performance analysis 
will further improve the model’s practical utility. Additionally, per
formance metrics, including peak pressure reduction, fatigue life 
predictions, and other mechanically measurable indicators, will 
also be further explored to support the quantitative evaluation of 
the proposed framework. Furthermore, mechanical testing and 

human-subject studies will be considered to establish quantitative 
links between deformation–pressure alignment and perceived 
comfort, enabling more comprehensive experimental validation 
of the computational methodology.
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A.  Dobrzański, ed., IntechOpen, London, UK, pp. 319–340. 

[62] Stolarski, T., Nakasone, Y., and Yoshimoto, S., 2018, Engineering Analysis with 
ANSYS Software, 2nd ed., Butterworth-Heinemann, Oxford, UK. 

[63] Bian, S., Grandi, D., Liu, T., Jayaraman, P. K., Willis, K., Sadler, E., Borijin, B., 
et al., 2023, “HG-CAD: Hierarchical Graph Learning for Material Prediction and 
Recommendation in Computer-Aided Design,” ASME J. Comput. Inf. Sci. Eng., 
24(1), p. 011007. 

[64] Naghavi Khanghah, K., Wang, Z., and Xu, H., 2024, “Reconstruction and 
Generation of Porous Metamaterial Units via Variational Graph 
Autoencoder and Large Language Model,” ASME J. Comput. Inf. Sci. Eng., 
25(2), p. 021003. 

[65] Pan, L., Li, G., Zhu, T., Liu, D., Wang, Y., and Lu, Y., 2025, “Physics-Informed 
Machine Learning in Design and Manufacturing: Status and Challenges,” ASME 
J. Comput. Inf. Sci. Eng., 25(12), p. 120804. 

[66] Kim, Y., Kim, Y., Yang, C., Park, K., Gu, G. X., and Ryu, S., 2021, “Deep 
Learning Framework for Material Design Space Exploration Using 
Active Transfer Learning and Data Augmentation,” NPJ Comput. Mater., 7(1), 
p. 140. 

[67] Yangue, E., Fullington, D., Smith, O., Tian, W., and Liu, C., 2024, “Diffusion 
Generative Model-Based Learning for Smart Layer-Wise Monitoring of 
Additive Manufacturing,” ASME J. Comput. Inf. Sci. Eng., 24(6), p. 060903. 

[68] Jeong, I., Kim, H., Cho, H., Park, H., and Kim, T., 2023, “Initial Structural 
Damage Detection Approach via FE-Based Data Augmentation and Class 
Activation Map,” Struct. Health. Monit., 22(5), pp. 3225–3249. 

Journal of Computing and Information Science in Engineering                                                                                                                                     JUNE 2026, Vol. 26 / 061006-13

D
o
w
n
l
o
a
d
e
d
 
f
r
o
m
 
h
t
t
p
:
/
/
a
s
m
e
d
i
g
i
t
a
l
c
o
l
l
e
c
t
i
o
n
.
a
s
m
e
.
o
r
g
/
c
o
m
p
u
t
i
n
g
e
n
g
i
n
e
e
r
i
n
g
/
a
r
t
i
c
l
e
-
p
d
f
/
d
o
i
/
1
0
.
1
1
1
5
/
1
.
4
0
7
1
8
4
7
/
7
6
1
1
5
3
9
/
j
c
i
s
e
-
2
5
-
1
4
9
0
.
p
d
f
 
b
y
 
O
k
l
a
h
o
m
a
 
S
t
a
t
e
 
U
n
i
v
e
r
s
i
t
y
 
u
s
e
r
 
o
n
 
2
0
 
M
a
y
 
2
0
2
6

http://dx.doi.org/10.1093/jcde/qwac060
http://dx.doi.org/10.1093/jcde/qwac060
http://dx.doi.org/10.1145/3197517.3201343
http://dx.doi.org/10.23972/det2020iss21pp01-10
http://dx.doi.org/10.23972/det2020iss21pp01-10
http://dx.doi.org/10.1002/adma.201701850
http://dx.doi.org/10.1002/adma.201701850
http://dx.doi.org/10.1016/j.ijmecsci.2022.107286
http://dx.doi.org/10.3390/ma14040993
http://dx.doi.org/10.1016/j.eml.2020.100640
http://dx.doi.org/10.1016/j.eml.2020.100640
http://dx.doi.org/10.1016/j.compind.2020.103375
http://dx.doi.org/10.1038/s41598-025-20864-3
http://dx.doi.org/10.1016/j.jbiomech.2025.112674
http://dx.doi.org/10.1017/dsi.2019.76
http://dx.doi.org/10.1017/dsi.2019.76
http://dx.doi.org/10.1186/s13047-021-00500-9
http://dx.doi.org/10.4028/p-l5YRTi
http://dx.doi.org/10.1016/0268-0033(94)90062-0
http://dx.doi.org/10.1016/j.gaitpost.2020.05.009
http://dx.doi.org/10.1016/j.apergo.2020.103298
http://dx.doi.org/10.1080/19424280.2022.2077843
http://dx.doi.org/10.1016/j.gaitpost.2013.07.116
http://dx.doi.org/10.1016/j.matdes.2023.112103
http://dx.doi.org/10.18063/ijb.v7i4.396
http://dx.doi.org/10.1016/j.promfg.2021.06.035
http://dx.doi.org/10.1115/1.4064215
http://dx.doi.org/10.1115/1.4064408
http://dx.doi.org/10.1038/s41467-023-40854-1
http://dx.doi.org/10.1002/adma.202302530
http://dx.doi.org/10.1016/j.matdes.2022.110709
http://dx.doi.org/10.1016/j.jmrt.2023.06.038
http://dx.doi.org/10.1016/j.engstruct.2009.06.018
http://dx.doi.org/10.1016/j.matdes.2024.113292
http://dx.doi.org/10.1016/j.heliyon.2022.e10940
http://dx.doi.org/10.3390/ma14071738
https://github. com/dnkrtz/intralattice
https://www.adidas.com/us/ultraboost
http://dx.doi.org/10.1038/s41598-019-55432-z
http://dx.doi.org/10.1080/02640414.2012.723819
https://dx.doi.org/10.1021/bk-2023-1439.ch010
https://dx.doi.org/10.5772/intechopen.69969
https://dx.doi.org/10.1016/C2016-0-01966-6
https://dx.doi.org/10.1016/C2016-0-01966-6
http://dx.doi.org/10.1115/1.4063226
http://dx.doi.org/10.1115/1.4066095
http://dx.doi.org/10.1115/1.4070100
http://dx.doi.org/10.1115/1.4070100
http://dx.doi.org/10.1038/s41524-021-00609-2
http://dx.doi.org/10.1115/1.4065092
http://dx.doi.org/10.1177/14759217221149612

	1  Introduction
	1.1  Metamaterial and Its Applications
	1.2  Role of Comfort and Plantar Pressure in Footwear Design
	1.3  The Applications of Deep Learning Models in Inverse Design
	1.4  Teaming Finite Element Analysis and Multimodal Deep Learning to Advance Inverse Design

	2  Methodology
	2.1  Finite Element Analysis for Data Generation
	2.2  Multimodal Deep Learning-Based Inverse-Design Model
	2.3  Design Optimization and Finite Element Analysis-Based Forward Validation

	3  Case Study
	3.1  Data Description and Preprocessing
	3.2  Sole Outline
	3.3  Metamaterial Lattice Selection
	3.4  Metamaterial Sole Generation
	3.5  Finite Element Analysis–Deep Learning Model Setup
	3.5.1  Finite Element Analysis Setup
	3.5.2  Deep Learning Model Setup and Training

	3.6  Results and Discussion
	3.6.1  Forward Validation With Finite Element Analysis Simulation Results
	3.6.2  Manufacturing Customized Metamaterial Shoe Sole
	3.6.3  Limitations and Outlook


	4  Conclusions and Future Work
	 Acknowledgment
	 Conflict of Interest
	 Data Availability Statement
	 References



