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ABSTRACT

This paper presents a smart insole that combines flexible TPU optical fiber sensors with force-sensitive
resistors (FSRs) on a 3D-printed TPU base to estimate plantar forces during walking. Three
thermoplastic polyurethane optical fibers, illuminated by red lasers and read by light-dependent
resistors, were routed in a non-anatomical, irregular (‘random’) layout and compared against six FSR
channels taken as reference targets. Signals were sampled and streamed via an ESP32 microcontroller
over Bluetooth. Using a sliding-window approach (20 samples), simple statistical features from the three
optical channels were used to train supervised regressors—Gradient Boosting, Adaptive Boosting, and
a shallow artificial neural network—to predict each FSR output. Across sensors, models achieved R2
between 0.865 and 0.951 and mean absolute error (MAE) between 29.0 and 48.9. Adaptive Boosting
gave the lowest average MAE and stable R2, while the artificial neural network reached the highest R2
for several regions. Results show that accurate force estimation is possible without anatomically precise
sensor placement, reducing hardware complexity and cost while keeping performance suitable for gait
analysis and wearable health applications.

Keywords: Optical Sensor, TPU Optical Fiber, Machine learning, Smart insole

1. INTRODUCTION diabetes, high plantar pressures are known to
The wearable technologies have rapidly spread increase the risk of ulcer development;
in recent years thanks to their ability to make however, due to time and cost constraints,
real-time measurements under field conditions plantar pressure measurements are not always
in both health monitoring and sports accessible in routine clinical practice [6]. The
performance analytics [1]. Sensor selection is role of plantar pressure in identifying foot
decisive for the success of these systems. biomechanics and abnormalities has been
Features such as sensitivity, accuracy, shown in many studies, both barefoot and in-
repeatability, durability, and cost directly affect shoe [7]. Recent systematic reviews highlight
the clinical/performance validity of the the importance and use cases of in-shoe
collected data [2-3]. Flexible and conformable measurement solutions in high-risk populations
sensors preserve user comfort and the natural such as the diabetic foot [8].
flow of mechanical interactions; optical
approaches, with immunity to electromagnetic In current insole solutions, the most common
interference and high biocompatibility, fit approach is distributed resistive and capacitive
especially well to wearable settings [4-5]. sensor arrays. However, these architectures are
often limited to a small number of sensing
In this general context, in-shoe insoles allow regions (e.g., 4-8 zones), rely on predefined
plantar loading to be monitored during daily life layouts, may suffer from calibration and
and natural walking, offering a critical platform stability issues, and present a challenging
for both clinical decision support and cost/complexity trade-off [2, 3, 8]. In this
performance optimization. In people with regard, thermoplastic polyurethane (TPU)
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polymer optical fiber (POF) sensors offer an
attractive alternative for wearable insoles
thanks to their high flexibility, low Young’s
modulus, impact resistance, and immunity to
electromagnetic  interference [4-5]. The
literature includes examples where polymer
optical fibers are embedded in insoles: with a
POF-embedded 3D-printed insole, multi (quasi-
distributed) sensing on a single fiber and
force/pressure mapping have been
demonstrated [5, 9], and fiber-optic insoles have
been tested successfully in specific clinical
scenarios such as detecting toe walking [10].
More broadly, fiber-optic force sensors are
recognised for multi-axial force sensing and
safe, EMI-immune measurements in human—
machine interaction [11]. In addition, 3D-
printing with sensorised fiber/yarn structures
enables personalised, low-cost, and scalable
production [3], while machine learning has
shown high accuracy in distinguishing force
and contact patterns [12].

The existing literature supports the feasibility of
optical-fiber-based insoles and personalized
production via 3D printing, and many studies
rely on anatomically structured sensor layouts
[3, 9, 12]. This increases manufacturing/
integration complexity and may require
redesigning for each user. To our knowledge,
there is no reported approach where optical
fibers are integrated into the insole with a
deliberately non-anatomical, irregular
(‘random’) placement and this layout is
interpreted only by machine learning to estimate
plantar force with high accuracy [3-5, 8]. This
gap offers an opportunity to reduce the number
of sensors and hardware costs while preserving
clinically/performance-meaningful  accuracy.
This research challenges the traditional design
paradigm by showing that precise force
estimation is possible without a highly
structured sensor layout. The study has three
main contributions:

e We show that non-anatomically routed,
randomly placed flexible TPU optical fiber
sensors can be used in smart insoles as a valid
and effective alternative to traditional FSRs and
structured sensor arrays.

e For the first time, we demonstrate that
complex optical signals from these non-
anatomically distributed (‘random’) fibers can
be interpreted with machine learning algorithms
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to enable accurate force estimation, removing
the need for precise sensor placement to achieve
high accuracy.

¢ We propose a system that reduces the required
number of sensors and the total cost while
maintaining high accuracy, thus paving the way
for more accessible and scalable smart insole
technology.

2. MATERIALS AND METHODS

This study aims to measure plantar pressure and
bending effects during walking using a multi-
sensor insole and to analyze the signals with
machine learning. The system combines force-
sensitive resistors (FSRs) and soft TPU optical
fiber sensors on the same 3D-printed insole. The
overall hardware connections and data flow are
shown in Figure 1. The instrumented sandal
carries a 3D-printed TPU insole with six FSR
pads (r1-r6) and three TPU optical fiber
channels (01-03). Each FSR and each light-
dependent resistor (LDR) is connected to an
ESP32 microcontroller through a voltage-
divider circuit formed by a resistor r. The
system is powered by a 5 V rechargeable
battery. Analog signals are sampled by the
ESP32 and sent wirelessly over Bluetooth to a
host computer for recording and machine-
learning analysis. Photos from the printing
process and the final layout of the insole are
given in Figure 2, while the optical sensing
principle is illustrated in Figure 3.

A flexible shoe insole was produced by 3D
printing using TPU material. The CAD model
includes channels and seats to fix the locations
of the FSR pads r1-r6 and the optical fibers 01—
03. After printing, six FSRs and three TPU
optical fiber lines were placed in these
dedicated regions (Figure 2). Prior to
integration into the insole, each FSR pad was
calibrated individually using a static loading
setup with known weights applied via a flat
indenter. The resulting voltage—load curves
were used to map raw ADC readings to force in
Newtons through sensor-specific calibration
functions. All FSR values and MAE figures
reported in this paper therefore correspond to
calibrated forces expressed in N rather than raw
sensor counts.

The main hardware components of the system
are an ESP32 microcontroller, a 5 V
rechargeable battery, six FSRs, three LDRs
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used as optical receivers, and red laser diodes as
optical sources. Each FSR and each LDR is
interfaced to an ESP32 analog input via a
resistor divider including resistor r, and the
resulting voltages are transmitted to the
computer over Bluetooth, as summarized in
Figure 1.

The flexible optical sensor is a 1.7 mm TPU
optical fiber. A red laser diode is coupled to one
end of the fiber, and an LDR is mounted at the
other end. When the TPU fiber is bent,
stretched, or compressed, micro-bends and local
stretching increase optical attenuation along the
fiber, so part of the light is lost before it reaches
the LDR (Figure 3). The LDR converts the
received light level into a voltage through the
resistor divider. As bending or compression
increases, the received light decreases, the LDR
resistance increases, and the output voltage
changes. These voltage variations are used as
indirect measurements of local plantar forces
acting on the insole.

Power Supply
5V rechargable battery

All six FSR channels r1-r6 and three optical
channels 01-03 were read by the ESP32 analog
inputs and transmitted to the computer over
Bluetooth. The data sampling rate was 22 Hz.
This rate was chosen as a compromise between
temporal resolution, wireless bandwidth, and
power consumption when streaming nine
analog channels from the ESP32. The walking
protocol in this proof-of-concept study
consisted of very slow treadmill walking at 1
km/h, so the dominant plantar-force changes
occur at low frequencies and our main interest
is in quasi-static force envelopes rather than
high-frequency impact transients. With this
configuration, a sliding window of 20 samples
corresponds to approximately 0.9 s of temporal
context per feature vector (20/22 s), which is
comparable to a gait cycle at the tested speed
and was found in the underlying thesis work to
maximize R? compared with shorter or longer
windows.
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Figure 1: Overview of the smart insole system.
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(@)

(b) (c)

Figure 2. 3D-printed TPU insole and sensor placement. (a) Top view of the 3D-printed insole shell
showing dedicated seats and channels for six FSR pads and three TPU optical fiber paths (b)
Intermediate stage of sensor integration. (c) Final prototype with the sensing insole

Figure 3: Sensing principle of the TPU optical
fiber. Schematic illustration of the flexible TPU
fiber and LDR-based receiver under (a) normal, (b)
pressed, (c) bent and (d) elongated conditions.

2.1. Machine Learning for Force Estimation
The insole generates nine synchronized analog
signals sampled at 22 Hz: three optical channels
originating from the TPU optical fiber—laser—
LDR assemblies (01-03) and six reference
force-sensitive resistor channels (r1-r6). All
signals are acquired by the ESP32
microcontroller and streamed wirelessly via
Bluetooth to a host computer, where they are
synchronized and stored for offline processing.
The sensing system thus provides two
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complementary modalities on the same 3D-
printed TPU insole: (i) the TPU optical fibers,
which form the input modality to be modelled,
and (ii) the FSR pads, which provide the
reference plantar-force measurements.

Data collection was performed on a treadmill
under a controlled protocol. The participant
walked for one minute at 1 km/h while wearing
the instrumented shoe, producing fully
synchronous optical and FSR time series. This
protocol targets slow, quasi-static gait patterns
aligned with the hardware constraints of the
prototype and the 22 Hz sampling regime. The
complete data-analysis ~ workflow is
summarized in Figure 4, encompassing
acquisition, preprocessing, feature extraction,
model training, and quantitative evaluation.

Supervised regression was employed to learn
the mapping from the three optical channels
(01-03) to the six FSR channels (r1-r6).
Following standard practice for time-series
modelling in low-frequency wearable systems,
the continuous signals were segmented using a
sliding-window transform with 50 % overlap.
The window length was fixed at 20 samples,
corresponding to approximately 0.9 s of
temporal context at 22 Hz. This duration
captures the dominant, low-frequency plantar-
loading variations of slow gait while balancing
temporal resolution and computational cost.
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For each window and each optical channel, the
following descriptive time-domain features
were computed: mean, minimum, maximum,
standard deviation, root-mean-square (RMS)
value, exponential moving average (EMA), and
non-zero sample count. These features form the
predictor set. The corresponding FSR values
rl-r6 within the same window constitute the
regression targets. Separate datasets were
constructed for each output channel to support
the per-sensor training strategy used throughout
the study.

The dataset was split into training and test
subsets to quantify generalization performance.
Model optimization was conducted on the
training portion and performance was assessed
on the held-out test data. Three supervised
regression families were evaluated:

e Gradient Boosting (GB): An ensemble of
decision trees trained sequentially, where each
tree models the residual error of the previous
ones, enabling strong non-linear regression
capability.

e Adaptive Boosting (AB): A boosting
algorithm that adaptively reweights samples to
emphasize previously poorly predicted regions
of the input space, improving robustness for
heterogeneous sensor responses.

o Artificial Neural Network (ANN): A
multilayer perceptron (MLP) with nonlinear
activation functions, suitable for modelling
multi-channel, low-frequency sensor signals
with moderately complex temporal dynamics.

Before training, all feature dimensions were
standardized to zero mean and unit variance
based on the statistics of the training set. The
dataset was partitioned at the window level into
70% training and 30% test subsets using a fixed
random seed (42) to ensure reproducibility. For
GB, we used regression trees with a maximum
depth of 3, a learning rate of 0.05 and 200
estimators, which provided a good balance
between bias and variance on the training data.
For AB, shallow decision trees with a maximum
depth of 3 were used as base learners, with 300
estimators and a learning rate of 0.1; this
configuration was selected empirically as it
yielded the lowest validation error without
overfitting. The ANN was implemented as a
multilayer perceptron with two hidden layers of
64 neurons each, rectified linear unit (ReLU)
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activations, and a linear output layer. The
network was trained for up to 200 epochs with
the Adam optimizer, a batch size of 32 and early
stopping based on validation loss with a
patience of 20 epochs. For each FSR channel, a
separate model instance was trained using the
same hyperparameters, and the model with the
lowest validation error was retained for final
testing.

A separate regressor from each family was
trained for each FSR channel (r1-r6). This per-
target configuration aligns with the sensor-
specific organization of the dataset and allows
each model to specialize in the force
distribution characteristics of its respective
plantar region.

Model performance was quantified using two
established regression metrics:

e Mean Absolute Error (MAE): the average
absolute deviation between predictions and
reference FSR values (lower is better).

e Coefficient of Determination (R?): the
proportion of variance explained by the model
(values closer to 1 indicate higher accuracy).
These metrics enable direct comparison with
existing wearable insole studies, many of which
report performance in the same format, thereby
situating the proposed system within the
broader context of plantar-force estimation
research.

Data Acquisition
Optical sensor and FSR sensor

' Preprocessing

Dataset Definition
Inputs:Optical sensor data (01-03) >
Outputs:FSR sesor data (r1-6)

ation | —| SpiitData

Model Training
AdaBoos!, Mullilayer Perceptron, |—
Gradient Boosting

Model Evaluation
MAE and R

Figure 4: Machine Learning Workflow

3. RESULTS AND DISCUSSION

The regression results for plantar-force
estimation are summarized in Table 1. Mean
absolute error (MAE, in Newtons (N)) and
coefficient of determination (R?) are reported
for each FSR channel (r1-r6, denoted as R1-R6
in the table) and each regression model (GB,
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AB, ANN). Across all sensors and models, R?
ranges from 0.865 to 0.951 and MAE from 29.0
to 48.9 N. Given that the effective range of the
FSRs is approximately 0-700 N, these errors
correspond to about 5-7% of full scale, which
is generally considered acceptable for plantar-
force estimation and gait analysis applications.
Overall, the models capture the mapping from
optical features to reference forces with good
fidelity.

Among the three model families, Adaptive
Boosting (AB) provides the lowest average
MAE across sensors (=34-35 N) while
maintaining a mean R? close to 0.90. AB attains
the smallest MAE for r2-r6 and is the best
overall performer for the distal sensors r5 and
r6, where both MAE and R? are favorable. The
artificial neural network (ANN) achieves the
highest R? values for several proximal sensors
(e.g. r1-rd), indicating that it captures a slightly
larger fraction of variance, but its MAE is
consistently higher than that of AB on the same
channels. Gradient Boosting (GB) is
competitive but rarely best-in-class; its
performance typically lies between AB and
ANN. These trends suggest that boosted-tree
ensembles are particularly well suited to the
moderately non-linear but piecewise-structured
relationship between optical features and FSR
responses, whereas the ANN can exploit
stronger non-linearities at the expense of
somewhat larger absolute errors.

For rl-r4—regions closer to the heel and
midfoot—the ANN explains the variance very
well (high R?), while AB yields slightly smaller
absolute errors. For r5 and r6—more distal
regions under the forefoot—AB is clearly
strongest in both MAE and R?, and therefore
represents the most robust choice when uniform
performance across plantar regions is required.
These differences are consistent with the local
contact mechanics of the foot and with how the
TPU optical fiber bends near each FSR location:
regions with a more nearly linear relation
between bending and force appear to favor
boosted trees, whereas regions with more
complex contact conditions benefit from the
additional flexibility of the ANN. Figure 5
illustrates the regression behavior for sensor rl
using AB. The scatter points cluster closely
around the identity line, in agreement with the
R? value of 0.929 reported in Table 1. Three
regimes can be distinguished qualitatively.
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First, a dense cluster near zero corresponds to
swing phase or very low loading; this class
imbalance explains why MAE remains
moderate even when R? is high, as many
samples are close to zero. Second, a broader
spread in the mid-range (approximately 200—
500 N) likely arises from small timing
differences between optical and FSR responses
within the sliding window, minor variations in
optical micro-bending and local contact
mechanics, and the inherent non-linearity of the
optical-mechanical coupling. Third, a small
number of outliers at the extremes reflect
underestimation at high  forces and
overestimation at low forces, which may be
linked to transient events, partial saturation of
FSRs or short intervals in which the optical fiber
experiences atypical bending. Despite these
imperfections, the overall agreement between
predicted and reference forces is good,
reinforcing the quantitative results in Table 1.

From an application perspective, model
selection depends on the desired trade-off
between error magnitude and variance
explained. If minimizing absolute error is the
primary objective—for example, in real-time
feedback or threshold-based monitoring—AB
is the most consistent and reliable option,
especially for r5 and r6, which are critical for
propulsion. If maximizing explained variance
and capturing subtle dynamics in specific
regions is more important—for detailed
biomechanical analysis, for instance—the ANN
offers marginally higher R? for r1-r4. For a
single model family to be deployed across all
channels in a wearable device, AB provides the
best balance between accuracy, robustness and
implementation simplicity.

Table 1: Regression results for plantar-force

estimation

Sensor  Algorithm MAE (N) R2

R1 GB 34.809 0.938
R1 AB 35.227 0.929
R1 ANN 38.219 0.951
R2 GB 39.344 0.865
R2 AB 29.024 0.868
R2 ANN 42.670 0.885
R3 GB 39.033 0.919
R3 AB 36.051 0.915
R3 ANN 37.766 0.931
R4 GB 44.136 0.898
R4 AB 35.498 0.910
R4 ANN 43.210 0.912
R5 GB 43.074 0.882
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R5 AB 35.795 0.897
R5 ANN 46.403 0.879
R6 GB 38.423 0.885
R6 AB 33.414 0.896
R6 ANN 48.927 0.876

.A._ri'

oo
s
e

Figure 5: Regression plot for estimation of FSR
sensor 1 (rl) with AB

3.1. Comparison with Related Works

This subsection positions the proposed system
within the context of recent optical-fiber and
machine-learning approaches for plantar-load
sensing. Table 2 summarizes representative
studies in terms of sensor technology, number
of channels, target outputs, machine-learning
usage and reported performance.

Leal-Junior et al. [9] presented a 3D-printed
insole with 15 intensity-variation POF sensing
points multiplexed on a single fiber by side-
coupling. They estimated ground-reaction
forces and centre of pressure with correlations
exceeding 0.87 and reported R? values up to
0.97 across 20 subjects, together with body-
mass estimation errors below 3.4%. Vilarinho et
al. [13] embedded five FBGs in CYTOP POF
for dynamic plantar-pressure monitoring and
showed roughly two-fold higher sensitivity
compared with silica FBGs, with root-mean-
square errors around 160 kPa (below 5%) over
gait cycles. Lakho et al. [14] used four silica
FBGs placed under specific plantar landmarks
to track posture-dependent load distributions
after  laboratory calibration,  providing
descriptive trends across postures rather than
detailed quantitative error analysis. Jo and Park
[12] implemented stretchable intensity-
modulated optical fibers arranged in a grid
within EVA foam to detect toe-walking; their
system focuses on qualitative event detection
(stance sequence and toe-walking patterns)
rather than continuous force estimation. Mun
and Choi [15] trained an LSTM network using
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nine Pedar-X pressure sensors as inputs to
predict the remaining 90 sensors, achieving
correlation coefficients around 0.98 and relative
RMSE = 7.9% on Pedar-X data; using a low-
cost insole prototype, they reported correlations
0f 0.63-0.97 and relative RMSE = 12.7 + 7.4%.
Compared with these works, the present
prototype occupies a different point in the
design space. The intensity-variation POF
insole of Leal-Junior et al. [9] uses 15 side-
coupled sensing regions and dedicated time-
domain multiplexing to achieve high accuracy,
but this design requires numerous channels and
carefully engineered routing. The FBG-based
insoles in [13, 14] rely on wavelength
interrogation and specialized optical hardware;
although they offer good sensitivity and
“robustness, their optics and electronics are
relatively complex and typically wired. The
stretchable-fiber grid in [12] is well suited to
robust event detection but does not provide
continuous quantitative force outputs. The
deep-learning approach in [15] predicts dense
pressure maps from sparse resistive inputs using
an LSTM, achieving strong correlations but at
the cost of more sensors and heavier models.

In contrast, the system presented here
intentionally keeps the hardware and signal
chain minimal: three intensity-modulated TPU
optical fibers (each with a single laser—LDR
pair) and six reference FSRs are integrated into
a 3D-printed insole, driven by a low-cost ESP32
microcontroller that streams data wirelessly at
22 Hz. No wavelength interrogation,
multiplexing hardware or dense pressure arrays
are required. Despite this simplicity and the use
of non-anatomical, randomly routed fiber paths,
the proposed method achieves R? values of
approximately 0.88-0.95 and MAE of 5-7% of
full FSR scale, comparable to the accuracy
ranges reported for more complex systems. To
the best of the authors’ knowledge, previous
optical-fiber insole studies have not combined
(i) highly irregular or random fiber layouts
inside the insole, (ii) such a small number of
optical channels and (iii) supervised machine
learning that directly learns the mapping from

optical signals to reference forces. This
configuration demonstrates that machine
learning can effectively compensate for

irregular sensor geometries, enabling more
flexible and manufacturable insole designs
without sacrificing accuracy.
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Table 2: Comparison with related works

Ref. Sensor Number of Target output ML used Key outputs
Sensors /Performance metrics
[9] Intensity- 15 GRF, CoP, pressure  No Corr. > 0.87; R? up to 0.97;
variation POF map body-mass error < 3.4 %
[13] POFBG 5 Dynamic plantar No Sensitivity = 2x silica;
pressure RMSE = 160 kPa (<5 %)
[14] Silica FBG 4 Posture-dependent No Descriptive trends across
pressure distribution postures
[12] Stretchable 8 Toe-walking No Qualitative detection of
optical fiber detection stance sequence
[15] Resistive 9 Full pressure map LSTM r=0.98; rel. RMSE ~ 7.9
pressure estimation % (Pedar-X); r = 0.63—
0.97;rel. RMSE = 12.7 +
7.4 % (prototype)
Proposed TPU optical 3 optical Estimate FSR forces AB, GB, R?=0.88-0.95;
method fiber + FSR inputs; 6 FSR  from optical signals  shallow overall MAE = 29.0-48.9
outputs ANN N (=5-7% of FSR full

scale);
for AB, MAE =~ 29.0-36.1
N

4. CONCLUSION

This study demonstrates that randomly routed,
flexible TPU optical fiber sensors can enable
practical and accurate plantar-force estimation
when combined with supervised machine
learning. The insole integrates three TPU
optical fiber lines and six reference FSRs within
a 3D-printed TPU structure, read by an ESP32
microcontroller and streamed wirelessly at 22
Hz. Instead of relying on anatomically fixed
sensor grids, the system uses a non-anatomical
(random) optical layout and learns the mapping
from optical intensity changes to FSR forces.
With simple window-based time-domain
features and standard regressors (GB, AB and a
shallow ANN), the models achieve R? values
between 0.865 and 0.951 and MAE values
between 29.0 and 48.9 N, corresponding to
approximately 4-7% of the FSR full scale; for
the best family (AB), MAE is on the order of 4—
5% of full scale. These results indicate that the
optical signals carry sufficient information
about local loading even without carefully
designed sensor placement, and that machine
learning can effectively compensate for
irregular layouts while preserving accuracy
levels comparable to more complex insole
systems reported in the literature.

Among the tested models, Adaptive Boosting
offers the lowest average MAE with robust R?
across all sensors, making it a strong candidate
for deployment as a single model family in
wearable  implementations. The  ANN
sometimes attains the highest R?, particularly
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for heel and midfoot channels, suggesting an
advantage in capturing more pronounced
nonlinearities, while GB remains competitive
but rarely superior. From a design perspective,
the combination of low-cost components,
minimal channel count (3 optical inputs, 6
reference FSR outputs), random fiber routing,
wireless operation and lightweight models
supports an alternative insole architecture:
rather than enforcing anatomically precise
placement or dense pressure arrays, the focus
can shift to manufacturability, comfort and
scalability, with the learning algorithm bridging
the gap between irregular sensor geometry and
clinically meaningful force estimates.

These findings should nonetheless be
interpreted in light of several limitations. The
current experiments were conducted with a
single participant and one controlled walking
condition (one-minute trials at 1 km/h), which
is sufficient to establish feasibility but does not
capture inter-subject variability or a wide
spectrum of speeds, terrains and gait patterns.
The FSRs are used as reference targets instead
of a calibrated force platform or high-resolution
in-shoe pressure system; nonlinearity, drift and
hysteresis in the FSRs may therefore propagate
into the learned models and the reported error
metrics. The acquisition system operates at a
sampling frequency of 22 Hz, chosen as a
compromise between temporal resolution,
wireless bandwidth and power consumption
when streaming nine analog channels; at this
low speed the models primarily capture quasi-
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static force envelopes rather than high-
frequency impact transients. The modelling
pipeline employs only basic time-domain
features and a simple train—test split without
explicit cross-validation or subject-independent
testing, which may vyield optimistic
generalization estimates. Finally, intensity-
based optical sensing remains sensitive to fiber
routing, micro-bends, and long-term stability of
the laser—fiber—receiver coupling, all of which
may vary across users and over time.

Future work will address these issues
systematically. On the experimental side,
studies will be extended to larger and more
diverse cohorts, with multiple walking and
running speeds, additional tasks (e.g. turning,
stair negotiation, uneven terrain) and varied
footwear. Ground-truth forces and pressure
distributions will be acquired using force plates
and/or high-resolution pressure insoles to more
rigorously quantify absolute errors. On the
sensing side, improved fiber anchoring,
protective coatings, and standardized coupling
fixtures will be investigated to reduce drift and
enhance repeatability, together with semi-
random or algorithmically guided routing
strategies that preserve manufacturability while
enhancing sensitivity in key plantar regions. On
the modelling side, richer temporal descriptors
(lags, derivatives, short-term trends) and
lightweight sequence models (temporal
convolution, compact recurrent architectures)
will be explored, along with k-fold and subject-
wise cross-validation protocols to obtain more
stringent estimates of generalization. Increasing
the sampling rate to 50-100 Hz and combining
it with enhanced temporal modelling is
expected to reduce MAE by approximately 20—
30%, targeting an error range of roughly 3-5%
of full scale, comparable to that of more
complex in-shoe systems with denser sensor
arrays.

In summary, the results show that accurate
multi-channel plantar-force estimation is
attainable with a minimal, low-cost TPU optical
fiber setup and a random sensor layout,
provided that appropriate learning methods are
applied. By simplifying hardware while
maintaining competitive accuracy, the proposed
approach opens a path toward scalable,
customizable smart insoles that are easier to
manufacture, fit and deploy for everyday gait
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monitoring,  rehabilitation and

performance applications.
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