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ABSTRACT
Research in embodied intelligence has proven that the embodiment of a system, its physical structure and morphology, shapes

how it senses and processes information. Here, we introduce an embodied codesign framework for user-centric wearables and

apply it to the design of smart footwear. The pipeline jointly optimizes mechanical and sensing properties of the 3D printed lattice

sole for efficient and effective plantar pressure monitoring. The result is a customized wearable device with tuned regional

properties and minimal onboard sensing capable of real-time centre-of-pressure tracking in line with commercial pressure plate

devices while reducing sensor count and energy demand. Furthermore, our embodied codesign improves sensitivity by 52% with

respect to uniform stiffness state-of-the-art design approaches, demonstrating how cooptimizing structure and sensing can

transform wearables into morphologically intelligent systems, paving the way toward predictive, energy-efficient, and

personalized health monitoring.

1 | Introduction

Progress in technology and AI is making itpossible for medicine
to shift from disease prevention and treatment to disease
prediction through continuous monitoring and processing of
key biomarkers [1, 2]. Realizing this vision, though, requires
personalized wearable devices that collect just enough high-
quality data for accurate prediction while minimizing energy
and computation demands for on-device edge-computing.
Achieving this balance remains a central challenge in wearable
sensor design. A promising path is “embodied codesign,” where
the structure of a device is optimized alongside its sensing
capabilities to directly shape the kind of data it generates. In this
paradigm, mechanical morphology is not a passive support for
sensors but an active element that filters, amplifies, and
structures sensory information.

Inspired by how biological organisms exploit their embodiment
to filter and process sensory information before neural
computation occurs, research in embodied intelligence high-
lights that the physical form of a system, its geometry, stiffness,
and material dynamics, can actively shape how information is
sensed and processed to simplify the control problem [3–6]. In
this paradigm, compute, sensing and mechanics are not treated
as separate and modular but jointly optimized, yielding advances
in soft robotics and morphologically adaptive materials [7–10].
Yet, their systematic application to wearable sensors remains
largely unexplored. Codesigning the mechanical structure and
sensing architecture of wearables offers an avenue toward
devices that compute through morphology, improving data
quality and efficiency at the hardware level whilst allowing
the structure to satisfy key mechanical performance
requirements.
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Smart footwear provides a particularly interesting testbed for
embodied codesign, as devices must be power-efficient, low-cost,
highly-customizable, and capable of tracking plantar pressure in
real time and at high throughput for accurate centre of pressure
(CoP) estimation during fast gait events [11–17]. However, much
of the current research follows a sensor-centric design paradigm,
focusing on novel sensor technologies and fabrication techniques
[11, 14, 18–23], rather than on codesigns tailored to a specific user’s
mechanical and sensing requirements. As many sensors as possible
are integrated, favoring spatial resolution, even though studies
indicate how optimized placement of few sensors in key plantar
locations allows for good reconstruction [15–17] with minimal user
data [24]. In addition, devices exhibit homogeneous stiffness
[11, 13, 14] with sensing ranges largely below peak pressures
normally observed in real world [25] and the shoe stiffness and
its interaction with the insole devices are usually neglected
[13, 14, 26]. The cooptimisation of lattice structural properties with
sensing requirements such as sensor range, spatial resolution, num-
ber, and placement informed by user-specific data remains largely
unexplored. More broadly, this highlights a missed opportunity to
use mechanical structure itself as part of the sensing strategy.

A small amount of precollected user data together with the
desired sensor performance characteristics are used to select
the optimal lattice structure for the smart sole to provide appro-
priate plantar support and high-quality sensor output. Pneumatic
chambers coupled to the lattice voids in key optimal locations
allow for direct plantar pressure measurements while also mini-
mizing overall sensor number, which allows for fast wireless
readout speeds and efficient operation of the device.

In the quest toward embodied intelligence design of smart wear-
ables, lattice-based structures and metamaterials provide great
potential, as mechanical properties such as stiffness and weight
can be easily tuned by adjusting the unit cell geometry [27, 28].

The lattices themselves can also become sensing elements via
piezoresistive [29] or capacitive effects [30]. Pneumatic sensing
in particular offers an alternative less susceptible to electromag-
netic interference [31] that does not rely on functionalized
materials. Furthermore, lattice structures inherently provide
cavities that can be adapted to house air chambers for direct
pressure measurement, whilst additive manufacturing allows
highly customizable geometries [32–34].

We present a design and manufacturing pipeline, displayed in
Figure 1, for user-centric 3D printed lattice-based smart soles in
which user plantar pressure data guide the cooptimization of lattice
geometry and sensing parameters. This embodied codesign treats
the sole’s morphology as an active component of the sensing pipe-
line. This embodied codesign enables regional tuning of stiffness,
sensing range, and spatial resolution within a single monolithic
structure, allowing sensing performance to be shaped at the hard-
ware level rather than through postprocessing alone. Integrated
pneumatic chambers and embedded electronics support wireless
data logging and real-time CoP tracking. We validate the system
against commercial pressure plates and demonstrate its operation
in everyday activities. Although demonstrated here in smart
footwear, the proposed framework is applicable to a broad class
of wearable and soft sensing systems, including orthotics, prosthet-
ics, rehabilitation devices, and robotic skins, wherever mechanical
compliance and sensing efficiency must be jointly optimized.

2 | Methods

2.1 | The Smart Shoe Device Design

The smart shoe consists of three layers (Figure S1): a 3D printed
lattice-structure sole; a unit encasing the sensing electronics

FIGURE 1 | The embodied intelligence-inspired cooptimization pipeline.
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housed in airtight pyramidal pneumatic chambers; a shoe upper
holding readout electronics and a battery. The pyramidal
chambers are shaped to fit inside the lattice cavities in key
locations across the sole.

As the user steps on the sole, the deformation in the lattice
structure causes pressure changes in the air chambers, which
are measured by the sensing electronics. These measurements
are then converted back to foot pressure data used for CoP
tracking in real time.

2.2 | Optimized Sensor Placement

The placement of eight sensor units was determined using the
method described in [24] (Supplementary Materials and
Methods and Figure 2). High-resolution plantar pressure data
were first processed by vectorizing each frame of the pressure
map and concatenating all frames horizontally. Principal compo-
nent analysis was then applied to the concatenated array. The first
principal component, which explained over 50% of the total vari-
ance, and its corresponding loading coefficient matrix (LCM)—

FIGURE 2 | Lattice database and optimization results. (a) Relationship between the defining lattice parameters λ and L and key sole

properties – equivalent stiffness K, predicted maximum air pressure change inside the chamber ΔQmax and chamber area Ac. (b) Qualitative analysis

of the correlation between sole properties and final sensor characteristics. Some relationships can be inferred from the gradients of the charts in

subfigure a, while others are derived directly from the lattice geometry. (c) Having defined a scoring function and user-tailored constraints, optimal

lattices are selected for the 3 different parts of the sole integrating pressure sensors. For each region, the highest scoring lattice was selected each time and

sensors were integrated in the optimal locations.
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with absolute values taken—were extracted. Inspection of the
LCM revealed that the subject exhibited no noticeable midfoot
loading, suggesting a neutral to high arch in the foot; hence, no
sensors were placed there. For the heel region, a loading
coefficient threshold was selected such that 90% of the LCM
volume was contained below it. The heel region was then
approximated as an ellipsoid, and its long axis was identified.
A ridge line was generated by scanning for local peaks along this
long axis, and three sensors were positioned at the centre and the
two ends of this ridge. For the forefoot region, four sensors were
evenly distributed across the region based on visual inspection of
the LCM. Finally, a single prominent peak corresponding to the
big toe was detected in the LCM, where one sensor was placed.

The placement method was also compared against a
spread-out benchmark placement strategy inspired by [35]
demonstrating substantially superior CoP tracking performance
(Supplementary Materials and Methods, Figure S2).

2.3 | Device Fabrication and Integration

The sole was fabricated using PolyJet 3D printing on a Stratasys
J735, with Agilus 30 and Vero materials digitally mixed to
achieve the different hardnesses required for each part of the
device. A soluble support material, SUP706B was used to simplify
postprocessing. For the latticed sole, a material with Shore A
hardness 85A was selected based on preliminary results [36],
as it is the softest option capable of withstanding the maximum
plantar pressure in the population dataset [25]. Selecting the
softest viable material maximized the range of achievable lattice
mechanical and sensing properties. A Shore A hardness of 30A
was selected for the other compliant components. The shoe
upper was adapted from a commercial sneaker.

The PCB–sensor module comprises a flexible PCB carrying baro-
metric sensors (STMicroelectronics ILPS22QS), integrated during
printing within a compliant Agilus 30 casing that integrates the
pneumatic air chambers. To ensure airtightness of the chambers,
a process combining the use of cyanoacrylate glue was devised as
shown in Figure S6.

2.4 | Lattice Design and FEA Analyses

The octet-truss lattice was selected due to its superior mechanical
performance reported in the literature, including high stiffness,
strength, strength-to-weight ratio, near-isotropic behavior, and
favorable energy absorption characteristics [37–40]. In addition,
its open-cell geometry facilitates the integration of air cham-
bers. The unit cell is characterized by the strut length L and
diameter D.

The ratio λ= L
D is representative of the relative volumetric density

of the lattice, with a smaller λ representing a higher density. The
chamber area Ac is defined as

Ac = L−Dð Þ2 (1)

To characterize the mechanical properties of a wide range of
lattice configurations, finite element modeling (FEM) simulations

were conducted with Ansys 2020 R1 and set up as shown in Figure
S7, with an indenter pressing on a reference unit cell.

Based on the plantar pressure dataset from [25], simulations were
conducted on lattice configurations with strut length L = {5, 10,
12.5, 15, 17.5, 20, 25, and 30} mm and density ratio λ ∈ ½2.0, 4.0�
(λ ≥ 2 for support removal and housing of the electronic
sensors) with step of 0.2. These correspond to lattice layer
heights of 7.07–42.4 mm, consistent with typical shoe sole thick-
nesses. The FEM results were then linearly interpolated for
intermediate L values at 0.5 mm increments for each fixed λ.
The simulations utilized a first-order Yeoh material model for
Shore 85A derived frommaterial characterization (Supplementary
Materials and Methods), while the indenter was modeled as
structural steel to ensure stiffness that far exceeds that of
the lattice.

The maximum pressure Pmax the lattice can withstand is defined
as the highest applied pressure at which the FEM simulation is
still able to converge. The equivalent stiffness K of each unit cell
is then derived as

K =
PmaxA
ΔHmax

(2)

where A is the indenter area and ΔHmax is the maximum com-
pression depth at FEM convergence.

2.5 | Air Chamber Modeling

The air chamber is pyramid-shaped to fit within the lattice cavity,
with a 1mm wall thickness determined experimentally to bal-
ance minimal thickness and structural robustness. The design
leaves the lattice struts uninterrupted, preserving the lattice’s
mechanical behavior.

An analytical model was developed to predict the chamber air
pressure change directly from the lattice FEM results, under
the assumption that air chambers—made of material (Shore
30A) that is much softer than that of the lattice (Shore 85A)—
add a negligible amount of stiffness to the lattice. Assuming
the compression of the air chamber is adiabatic, the pressure
change ΔQ within it is given by

ΔQ=Q0
V0

V

� �
γ

−Q0 (3)

where Q0 is the initial chamber pressure, V0 and V are the
chamber volumes before and after compression respectively,
and γ = 1.4 is the adiabatic index of air. Further approximating
the chamber as a pyramid with fixed base area and variable
height, the volume ratio reduces to the height ratio. The pressure
change can thus be expressed as

ΔQ=Q0
H0

H0 −ΔH

� �
γ

−Q0 (4)

where H0 and ΔH represent the initial chamber height and its
change. The maximum chamber air pressure change ΔQmax

can therefore be estimated at ΔHmax.
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To validate the assumption that the chamber walls contribute
negligibly to stiffness, two FEM models of a single lattice unit
cell were compared: one including the chamber walls and one
without (Figure S8). Simulations were conducted on a unit cell
with the lowest stiffness K (λ= 4.0, L= 5 mm). Under an applied
pressure Pmax of 84 kPa (a pressure far below typical human peak
plantar pressure), the model with chamber walls showed a
stiffness of 2470 Nm−1 compared to 2084 Nm−1 without walls,
an increase of only 18.5%. This effect further diminishes as lattice
stiffness increases or as multiple lattice layers are stacked.

The analytical model was validated by applying it to the sensor
calibration dataset to estimate the compression pressure which
was then compared with the ground truth provided by the load
cell (details in the next section). To such end. The previous
equation was modified to get the estimated compression pressure
Pest as a function of ΔQ and lattice stiffness K

Pest =Kexp H0 +
3B
Ac

� �
1−

Q0

Q

� �1
γ

� �
1
Ac

� �
(5)

where B represents the dead volume within the air chambers and
Kexp is the lattice stiffness measured during the experiment.

The predictions for each sensor were then compared against the
corresponding measured compression pressures P, as shown in
Figure S4. The full-scale normalized root mean square error
averaged 14.0% with a standard deviation of 3.26% across all
sensors, indicating low error and validating the analytical model.

2.6 | Device Calibration

Sensor calibration was performed using a 3-axis Cartesian
robot (Figure S9). The setup included a load cell with a data
logger and indenters, 3D prited in PolyLactic Acid (PLA) on a
Carbon X printer (Bambu Lab, China), shaped to match
the dimensions of each regional lattice. The robot applied
cyclic, displacement-controlled compressions at pressures
exceeding the required Preg for each of the eight sensor locations.

During calibration, compression force from the load cell and
internal air pressure from the device were recorded simulta-
neously. The final three compression cycles, where the
response had stabilized, were extracted for analysis. The signals
were postprocessed to obtain the compression pressure P and
air pressure change ΔQ, defined as the change relative to the
sensor’s initial reading at power-up. An average R2 of 0.937
between P and ΔQ was observed across all sensor locations.
A power-law relationship with an offset was observed between
all pairs of ΔQ and P. Accordingly, power-law regression
models were fitted

P= a ΔQð Þb + c (6)

The offset term c accounts for residual chamber pressure
caused by slow and incomplete lattice recovery between com-
pression cycles. The fitted models achieved an average R2 of
0.955 with a standard deviation of 0.0106 across all eight sensors
(Figure S4).

2.7 | Controlled Gait Experiments

Gait experiments were conducted using a treadmill to provide
controlled and repeatable test conditions. The experiments were
intended to provide functional validation of plantar pressure
sensing and CoP tracking performance. Walking speeds were
set to 4 and 5 km/h for slow and fast walking, respectively.
The treadmill’s maximum inclination of 8.5° was used for the
inclined conditions. Four scenarios were tested: fast flat walking,
slow flat walking, fast inclined and slow inclined walking. Data
for all scenarios were collected in a single session, with 15 steps
recorded per scenario (Video S1). A short transition period was
included between scenarios to allow the treadmill to reach the
target speed and inclination. The regression fitting (Figure S4)
was then used to map the air pressure change to plantar pressure.
The data was postprocessed to segment it into trials, each con-
taining a single stance phase. During the process, the delayed
return to baseline in the sensor signals caused by the viscoelastic
material was also compensated. The start of a stance phase was
defined as the instant sensor 1 readings increase immediately fol-
lowing a prominent trough, reflecting the biomechanical fact
that heel strike initiates stance. For all other sensors, early read-
ings were discarded until their values exceeded a sensor-specific
activation threshold δ that accounts for MEMS sensor noise
(threshold determination provided in the Supplementary
Information). The end of a stance phase was identified based
on the toe sensor (sensor 8). Once its pressure decreased by
50% from its stance-phase peak, the toe sensor value and all other
sensor outputs were set to zero, marking the end of the stance
cycle. The toe-off compensation method was developed through
analysis of a population dataset [25], with details provided in the
Supplementary Information. All trials across the different scenar-
ios were finally matched in length (i.e., number of time samples).
The shortest trial was identified, and all other trials were down
sampled to this length. For each scenario, an average trial was
generated by computing the mean time-aligned sensor signal
across all trials for each sensor.

3 | Results

3.1 | Optimal Sensor Placement

For this study, the test user was a 27-year-old, healthy individual.
After splitting the foot area into the four zones, mean peak pres-
sures (26 trials) of 307, 645, 61, and 518 kPa were identified for
the toe, forefoot, midfoot, and heel, respectively. The loading
coefficient matrix of the first principal component was used, cap-
turing 51.6% of the total variance of the user’s dataset.

In this study, eight sensors in total were considered to balance
readout speed and overall sensor performance, whilst the foot
was arbitrarily segmented into four regions: heel, midfoot, fore-
foot, and toes. The optimal placement resulted in three sensors in
the heel region, four in the forefoot and one in the toe area.
Comparing the CoP tracking performance of the optimally
placed sensor subset to the full pressure plate output, mean errors
of 2.52 ± 2.18 mm in the mediolateral (ML) direction and 6.61 ±
6.48 mm in the anteroposterior (AP) direction were observed
(Figure S2).
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3.2 | The Sole Cooptimization Pipeline

The goal of the cooptimization process is to select a lattice
geometry that ensures mechanical support tailored to the user,
while maximizing sensing performance (range, spatial
resolution, and sensitivity) for each region of the sole. Thanks
to the design of the sole, its mechanical and sensing properties
are tightly coupled: a stiffer lattice will produce less pressure
change in the associated chambers, leading to a less sensitive
sensor; a larger unit cell increases the base area of the pyramid
chamber, reducing the spatial resolution of the final sensor.

Starting from the user dataset, captured using a standard
pressure plate in a lab environment, the steps for the
cooptimization process are the following

1. Segment the foot in four regions (heel, mid-foot, front-foot
and toe area) and identify the regional peak pressure
values Preg.

2. Identify optimal sensor locations for each region,
considering foot pressure distribution and total number
of sensors desired.

3. Assign the optimal lattice geometry based on a score
metric combining mechanical and sensing needs.

4. Manufacture the final design according to the identified
optimal lattice parameters.

3.3 | FEA Analyses and Lattice Configuration

Figure 2a shows the FEA results. The resulting unit cells can
withstand maximum foot pressures of up to 5MPa, higher than
the ones measured in lab tests [25], and equivalent stiffness K
ranging from 4.98 to 1400 Nmm−1. As expected, a lower λ, denser
lattice, is associated with unit cells capable of withstanding
higher loads (Figure 2a), while, for the same λ, a decrease in L
produces softer lattices. The resulting maximum predicted air-
pressure change ΔQmax for each unit cell increases with larger λ,
largely independent of L (centre chart of Figure 2a): chambers
with the same relative density λ display equivalent compression
levels. The chamber area Ac, instead, grows as expected with
increasing strut length L at fixed density λ and with increasing
λ at fixed L (Figure 2a).

Figure 2b highlights the complex, interdependent relationships
between the three sole properties just analyzed and sensor-level
performance in terms of sensing range, spatial resolution and
sensitivity. Two cases, constant λ and constant L, are considered
separately to isolate positive and negative correlations between
variables. Some of these are straightforward: the chamber area
can be considered a direct proxy for spatial resolution, in the
same way as the stiffness directly maps to the sensitivity—as
the first one in each pair increases, the second one decreases
(blue lines in both charts). Other relationships change sign
(connecting line has different colours in the charts) based on
how the change in one of the three variables of the top semi-circle
is obtained. For example, an increase in stiffness at fixed λ pro-
duces a lattice that has a larger chamber area, with negative
effects on the final spatial resolution of the sensor. The opposite

is true when increasing stiffness while keeping L fixed, as this
means moving to thicker struts and a lower chamber area.
Any metric used for optimizing the lattice geometry needs to
integrate these interdependencies and trade-offs among variables
for the process to be successful, resulting in a cooptimization pro-
cess which is at the core of the embodied intelligence approach to
robot/device body morphology design.

In our case, rather than employing a full optimization
framework, a simple and interpretable scoring function
(Equation (7)) is adopted as a lattice selection strategy to
demonstrate the effectiveness of the proposed pipeline. The
scoring function was defined aiming to maximize the internal
air-pressure change ΔQmax (maximize sensitivity) whilst
minimizing cavity side length C (maximize spatial resolution)
for a lattice able to withstand foot regional peak pressures Preg

associated to a specific user.

score λ, Lð Þ=
fminmax

Preg

Pmax
ΔQmax

� �
fminmax Cð Þ (7)

Figure 2c displays the lattice selection result for a device meant
for our test user. For each zone separately, lattices with a
maximum load-bearing pressure Pmax lower than the user’s peak
pressure Preg were discarded. The same was done for unit cells

with a cavity side-length L−D lower than 5mm and greater than
15mm, to ensure pneumatic chambers large enough for the elec-
tronic pressure sensors whilst avoiding them becoming so large
as to merge together adjacent optimal sensor locations. Within
the scoring function, the numerator is a min–max normalized
product of the ratio Preg=Pmax, which reflects how close the

maximum operating pressure is to the lattice’s load-bearing
limit, and ΔQmax, the predicted maximum air pressure
response, representing the maximum air pressure variation.
The denominator corresponds to the min–max normalized cavity
side length C, which serves as a direct proxy for sensor spatial
resolution. The score metric was then applied to the resulting
search-space (Figure 2c, colored area in the charts), and the
highest-scoring lattice was then selected (pink dot in each chart).
Such a scoring function drives the selection toward lattice
configurations with larger λ and smaller L within the feasible
design space (Figure 2c), and the reasons can be understood
through the sensing-mechnical relationship illustrated in
Figure 2b. A smaller L leads to small chamber area, thereby
improving spatial resolution, while a larger λ is associated with
lower lattice stiffness and increased pressure sensitivity. Sensor
cavities were then designed and placed in the optimal locations
highlighted by the pink squares in the figure. For the midfoot
region, where no sensor is placed, sensing performance is
not optimized; instead, the highest relative density λ is chosen
to maximize flexibility, and the strut length L is kept similar
to the other regions.

To demonstrate the capability of the lattice selection process to
generate diverse and user-centric lattice configurations, three use
cases with different constraints based on Equation (7) are
presented (Table S1).

To directly demonstrate the validity of the cooptimization
pipeline proposed so far, two sensorised lattice samples, one from
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the heel section and one from the toe region, were compared to
showcase the effect of optimal lattice selection on sensing
performance (Figure S3). The optimal heel-region lattice, which
must sustain 68.7% higher peak pressures, has a stiffness
K= 14.84 Nmm−1, 39.3% higher than the toe-region lattice at
10.65 Nmm−1, whereas the two maintain similar spatial resolu-
tion (L differs by only 0.5 mm). The toe sensor unit (lattice and
air-chamber) demonstrated the highest linearized sensitivity
(R2= 0.973, RMSE= 5.71%), 6.2% higher than that of the heel
unit tested over its full range (R2= 0.987, RMSE= 4.23%), with
the latter exhibiting 60.6% higher sensor range. Furthermore,
selecting a uniform stiffness sole would lead to a 65.8%
drop in linearized sensitivity in the toe region (R2= 0.976,
RMSE= 5.57%). Besides aligning with the analysis in
Figure 2b, these results prove the potential of our embodied
intelligence-inspired codesign pipeline to directly lead to better
quality data straight out of the wearable device, prior to any
postprocessing.

3.4 | Smart Shoe Characterization and Validation
in Controlled Setting

Figure 3a reports the results for each sensor in terms of
repeatability and hysteresis, which ranged from 0.7% to 1.6%
of full scale and from 22% to 35.4% of full scale respectively.
The higher hysteresis is linked to the materials used, which
displayed similar marked viscoelastic behavior during
characterization.

Figure 3b presents a cross-instrument comparison. Plantar pres-
sures recorded during fast, flat walking with the smart shoe are
compared against the precollected user-specific dataset obtained
with the user walking barefoot on a Novel Emed-n50 pressure
plate. For the shoe, plantar pressure was converted from air
chamber pressures (details in Supplementary Information). In
the trial, most shoe sensors presented higher peak plantar pres-
sure values compared to the pressure plate, aligning with the
results of [41] which reported that in-shoe measurements gener-
ally exceed those from a pressure plate, with maximum differen-
ces up to +206.3%. An interesting insight comes from comparing
sensors 1 and 2 on the two devices. In the case of the pressure
plate, sensor 2 has a much higher reading than sensor 1. The
combination of barefoot walking together with the rigid nature
of the pressure plate leads the heel strike to be more localized
with a sharp peak around sensor 2. In contrast, the softer shoe
conforms better to the foot, leading to a more pronounced rolling
contact from the back to the front of the heel, as demonstrated by
the peak in sensor 1 preceding that of sensor 2. Despite these
differences, the average CoP trajectories derived from the plantar
pressure measurements (shown on the left of the charts, together
with their variability) align closely (Supplementary Materials and
Methods: CoP trajectory alignment and variability computation).
The lower CoP variability observed for the shoe is likely linked to
the conformability of the sole and a possible targeting effect by
the user trying to land in the same sensing region on the plate
[41]. Despite this transversal variability of the CoP trajectories,
the longitudinal point density along the CoP trajectory follows
similar trends, with high density in the heel and forefoot area
and low density through the midfoot region, meaning that

FIGURE 3 | Smart shoe characterization and validation in controlled setting. (a) Device calibration results showing full-scale normalized hysteresis

and repeatability for all sensors (3 loading-unloading cycles per sensor) (Figure S4). (b) Plantar pressure data recorded during fast flat walking at 5 km/h

with the shoe (light blue) on a treadmill compared against a user-specific dataset collected using an Emed-n50 pressure plate (Novel GmbH, Germany)

(pink). For both datasets, the averaged sensor readings, mean CoP trajectory, and CoP trajectory variability (15 steps for the shoe and 26 steps for the

plate) are presented. The accompanying charts display individual sensor outputs to highlight gait-phase lengths. (c) Plantar pressure data for slow

walking (4 km/h) on flat treadmill compared to walking with an 8.5° inclination. For both datasets, the averaged sensor readings, mean CoP trajectory,

and CoP trajectory variability (light blue and pink shaded areas) are presented. The charts highlight a lengthened heel phase in the inclined walking

compared to the flat walking case, a known result in the literature.
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comparable ratios of gait phases are observed between walking
with and without the shoe.

Figure 3c shows the comparison between slow (4 km/h) flat
walking and slow inclined walking (8.5°). The average peak
pressures recorded are generally similar across sensors except
for sensor 1: in the inclined condition its peak reaches
500 kPa compared with 400 kPa in the flat walk. More
importantly, during inclined walking, the heel sensors exhibit
a slower pressure decline and a higher pressure–time integral
while the forefoot sensors show a lower pressure–time integral.
These trends, aligned with the results reported by [42] for similar
testing conditions, lead to a shift in the CoP trajectories and
denser point-clouds in the heel region for the inclined walking.
Apart from this difference, the average CoP trajectories largely
coincide, and variability remains similar between conditions—
mean standard deviation in the medial–lateral (ML) direction:
2.56 mm versus 1.80 mm, and in the anterior–posterior (AP)
direction: 8.03 mm versus 10.85 mm for flat and inclined walking,
respectively. The results for fast flat and inclined walking are
presented in Figure S5 and display similar trends.

Moreover, comparing walking with the device on the flat
treadmill under fast (5 km/h) and slow (4 km/h) walking
conditions (Figure 3b,c), the average pressure profiles for each
sensor, including their peak pressures and overall trends, remain
broadly consistent across gait speeds. The corresponding
CoP trajectories also largely align between the two conditions.

A comparative study (Table S2) was conducted between the
proposed lattice configurations and those reported in prior work
[43] using the flat fast walk data (Figure 3b). The differences
between the two studies can be attributed to variations in
materials and lattice topology, with the prior study [39]
employing closed-cell lattice structures that exhibit higher
stiffness, resulting in higher peak stress and lower displacement
compared to the present work.

3.5 | Validation in Target Application

A final validation was performed outside the laboratory under
more varied locomotion, surface, and friction conditions than
those encountered during treadmill experiments to demonstrate
the potential of the shoe as a real-time monitoring device in
everyday activities and environments where a pressure plate can-
not be used. These scenarios included walking outdoors on grass
and ascending and descending stairs (Video S2). The results are
presented in Figure 4, where, for each scenario, the mean peak
pressure, the CoP trajectories and their progression, and an
example trial are shown.

Figure 4a shows the results of walking on grass. Compared with
the laboratory-based flat walking experiments (Figure 3), the heel
sensors record similar mean peak pressures and a larger
pressure-time integral. On the contrary, the forefoot sensors
show much lower mean peak pressures, indicating a reduced
forefoot push-off force, expected because of the softer interface
provided by the grass. This results in CoP trajectories originating
at the heel and terminating shortly after entering the forefoot
region.

When ascending stairs (Figure 4b), the forefoot sensors record
significantly higher mean peak pressures than the heel sensors,
consistent with the greater mechanical loading on the
forefoot during push-off compared to normal walking. The
CoP trajectories display greater variability at the start, with some
originating at the heel and others at the forefoot or toes. This
variability mirrors changes, also recorded on video, in which
part of the foot first contacts the stair. In contrast, all trajectories
consistently terminate in the forefoot region, reflecting its role in
generating push-off at the end of a step. In the example trial,
contact is first registered at the forefoot and toes (index 1–5).
The weight is then shifted toward the heel (12 to 30), before
finally reaching the push-off phase (index 70), when forefoot
and toe sensors register their peaks.

Contrary to the previous case, when descending stairs, mean
peak pressure values are more evenly distributed between the
heel and forefoot regions (Figure 4c). All CoP trajectories start
in the midfoot or forefoot, reflecting typical stair descent gaits,
where contact with the downward step is first made with the
front of the foot, or with the entire foot simultaneously, with
no discernible heel strike. The trajectories move between the heel
and forefoot regions and ultimately terminate in the forefoot as
push-off occurs before the foot leaves the step. This trends, which
result in inversions (posterior and then anterior paths) of the CoP
trajectories, are well-illustrated by the example trial chart. At the
start of the step (index 1–5), the forefoot sensors register non-zero
pressure while the heel sensors remain inactive. Heel sensors
become active only after index 10 as the midfoot and heel support
the body’s weight and downward inertia, and their readings
remain lower than those of some forefoot sensors. At index
62, sensor 7 records a pronounced peak, indicating the moment
of forefoot push-off.

4 | Discussion

This work introduced an embodied intelligence-inspired design
pipeline that jointly optimizes the mechanical and sensing
properties of a smart sole to meet personalized requirements.
To demonstrate the pipeline’s capability, a device was fabricated
for a target user using a small, precollected plantar pressure
dataset to define the individual’s design constraints. The
experiments demonstrated how the resulting device could
capture CoP trajectory in line with state-of-the-art platform
systems and do so in real-time and in a variety of settings, within
and outside the laboratory, with just eight sensors, unlike most
other in-shoe plantar pressure devices, which are designed
exclusively to maximize sensing spatial resolution. In addition,
this work demonstrates a practical manufacturing and
integration strategy that enables airtight pneumatic chambers
and flexible PCB sensing modules to be embedded within a
3D-printed lattice structure. Besides improving data quality
and reducing data throughput, combining sensing and
personalized requirements in a cooptimization process allows
the creation of wearables that function as measurement devices
while preserving desired mechanical properties for the target
user. Targeted regional stiffness and peak-pressure reduction
are widely regarded as essential strategies for prevention and
treatment of diabetic foot ulcers [44–46], which can lead to
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lower-extremity amputation in up to 20% of cases [47].
Furthermore, effective real-time CoP tracking enables activity
recognition and extraction of features that are associated with
balance and fall risk in elderly [48] and poststroke patients [49].

A key limitation in the development of tailored wearable
devices is linked to the availability of 3D printing materials with
appropriate mechanical properties. 3D printing polymers tend to
display pronounced hysteretic behavior and mechanical proper-
ties of functionalized materials are usually not the priority in
their development. In this study, a simplified FEM model with
empirical compensation was adopted, despite the rate-dependent
behavior of the elastomeric material. The FEM results

were therefore used primarily to compare and rank lattice
configurations within the design space, rather than to provide
exact quantitative predictions of the final device response.
Although the Instron Universal Testing Machine can reach
compression speeds comparable to those during gait, its relatively
long acceleration phase and short compression distance result in
a lower effective loading rate, making it less representative of the
rapid compression experienced in real walking conditions.
Furthermore, while the FEM model was validated and shown
to achieve acceptable agreement with experimental results,
two directions for improvement can be identified: (1) refining
the FEM formulation to further enhance modeling accuracy
and (2) incorporating more advanced material models to capture

FIGURE 4 | Out-of-laboratory gait experiments. For each scenario, the average peak pressure (5 trials), CoP trajectory progression and an example

trial are shown. (a) When walking on grass, heel peak pressures are comparable to those during treadmill walking, whereas forefoot peak pressures are

markedly lower, reflecting the reduced push-off force on the compliant surface. (b) For stair ascent, the low mean peak pressures at the heel, together

with the widely varying starting points of the CoP trajectories, reflect inconsistent initial foot contact. In contrast, forefoot push-off is evident, as shown

by the higher mean peak pressures in the forefoot and the consistent termination of all CoP trajectories near the forefoot region. (c) For stair descent, all

CoP trajectories originate in the midfoot or forefoot, indicating that initial contact occurs either with the forefoot alone or with the whole foot placed

simultaneously, with no heel strike observed. The trajectories consistently terminate in the forefoot region, reflecting the push-off phase at the end of

each step and displaying interesting inversions in the CoP trajectories.
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viscoelastic behavior. Relying, as in this study, on a combination
of pneumatic sensing and lattice structures provides good
adaptability to a wide range of materials and 3D printing
techniques, even though the core principle can also be extended
to other structures and sensing modalities. In this study, focus
was mostly on sensing, but the optimization framework and
scoring function can be extended to include more nuanced
mechanical requirements, such as regional or anisotropic
stiffness profiles and damping coefficients, to enable broader
personalization. While the overall geometry was kept simple,
maintaining a constant thickness throughout the sole, more
complex geometries can be considered for improved
comfort and arch support, representing further inputs for the
cooptimization process.

In the future, we see smart wearables as key in improving our
health through continuous biomarker monitoring. Our proposed
embodied intelligence-inspired approach represents a step in this
direction, allowing devices to carry as little sensing as possible
while improving data quality, reducing cost and energy
consumption, and respecting key mechanical performance
requirements. Future effort will also be spent in improving
the framework by looking not just at optimized sensor placement
but overall sensor morphology to improve data quality further.
The inclusion of AI algorithms on edge devices together with
sensor fusion enabled by the reduction of the overall data
throughput for real-time patient monitoring will serve as a final
validation benchmark for our approach.
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