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ABSTRACT Human ankles naturally adjust stiffness to accommodate various activities and terrains—an
ability that conventional passive energy-storing-and-returning (ESR) prostheses cannot replicate due to their
fixed stiffness. To address this limitation, this study introduces the MyFlex-6 prosthesis, an autonomous
ESR foot equipped with a Variable Stiffness System (VSS) and a Human Activity Recognition (HAR)
control system based on a Convolutional Neural Network (CNN) algorithm. The HAR-CNN system
classifies seven activities—walking, fast walking, standing, ramp ascent/descent, and stair ascent/descent—
using linear acceleration data from two embedded Inertial Measurement Units (IMUs). When three
consecutive predictions are identical, the VSS actuator adjusts foot stiffness in real time. Offline evaluation
of the HAR-CNN, following the optimization of nine input channels, algorithm hyperparameters, and
sliding window and hop size configurations, achieved a classification accuracy of 97.2% (loss: 0.103).
Real-time testing with an non-disabled participant yielded an accuracy of 91.5%, confirming robust
performance under dynamic conditions. Furthermore, real-time ankle torque estimation was implemented
using a third-order response surface derived from sixth-order polynomial Finite Element Analysis (FEA)
models, correlating stiffness settings with IMU-recorded joint rotations. This integration of adaptive stiffness
control and embedded torque estimation enables continuous, portable gait analysis. The MyFlex-6 represents
a significant advancement toward intelligent prosthetic devices capable of autonomously adapting to user
activity and biomechanical demands.

INDEX TERMS Human activity recognition, deep learning, convolutional neural network algorithm,
variable stiffness foot prosthesis, energy storing, releasing prosthesis.

I. INTRODUCTION

The attention toward restoring mobility in amputees and
enhancing their quality of life has long been a central
focus of both research and society. Extensive efforts have
been devoted to designing foot prostheses for individuals
with lower limb amputations. Investigating global market,
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advanced ESR prosthetic feet are currently the most widely
used by physically active amputees (K3/K4 levels), due to
their benefits in metabolic cost, comfort, and safety [1],
[2], [3]. These devices consist of elastic elements made of
composite material that deform in the early stance phase
of the gait cycle, absorbing impacts and elastic energy.
This stored energy is then released in the late stance phase
to give the user the necessary push-off to front the next
step, thus exhibiting passive energy behaviour. Determining
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the optimal prosthesis typically involves aligning the user’s
weight and ambulation level with a prescribed stiffness of the
elastic components, aiming to provide a comfortable walking
experience on level ground [4].

However, individuals exhibit diverse preferences concern-
ing the magnitude and mode of deformation of the elastic
components [5], [6]. Moreover, they engage in various daily
activities that necessitate different stiffness levels in the
ankle-foot prosthesis. Studies have indicated a preference
for a stiffer foot when walking at higher speeds [7] or
during standing [8] while a more compliant prosthesis was
preferred for handling stairs and ramps [9], [10]. Conversely,
other studies have revealed inconsistency in the preferred
stiffness for ramp ambulation, with each patient exhibiting
individual preferences [11], [12]. In ESR feet, the inability
to dynamically modulate stiffness according to the user’s
specific activity poses a significant constraint [13], [14].

Consequently, several researchers have focused on devel-
oping prototypes of bionic prosthetic feet [15], [16]. These
prostheses integrate actuators and various sensors, including
IMUs, ElectroMyoGraphic sensors (EMGs), load cells,
encoders and other sensor types. They are coordinated
through sophisticated control systems typically organized
into a three-layer architecture: high-level, mid-level, and
low-level control [17]. The high-level control identifies
locomotion modes and user intent, the mid-level converts
these intentions into reference trajectories, and the low-level
control delivers the input to actuators to generate the
appropriate ankle torque. The overarching goal of these
systems is to reduce gait asymmetry and enhance overall
locomotion functionality [18]. Over the years, different
locomotion mode recognition strategies were developed with
the scope to identify user’s daily living locomotion activities
and in some cases the respective gait phases to manage
activities transitions and improve control of the devices’
actuators [19], [20], [21], [22], [23], [24], [25], [26], [27],
(28], [291, [301, [31], [32], [33], [34], [35], [36], [37],
[38], [39], [40], [41], [42], [43], [44]. Moreover, a recent
evolution in sensor and processor technologies resulted in
the development of more accurate, compact sensors and
faster, low-power processors, has significantly enhanced
the practicality of human-computer interaction paving the
way for the invention of more precise HAR strategies
[45], [46], [47].

Nevertheless, the effective market adoption of fully active
prostheses poses significant hurdles. This involves crafting
sophisticated control strategies that have to be enhanced in
adaptability and continuity in usage, as well as ensuring
the availability of actuators capable of providing ample
power within the constraints of compactness and lightness.
Additionally, robotic prostheses face limitations related
to battery autonomy, weight and high production costs,
further complicating their possible widespread adoption. The
scarcity of robotic foot prostheses on the market, highlighted
by the presence of the only Empower by Ottobock [48],
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FIGURE 1. MyFlex-9 prosthesis overview: a) global assembly, b) control
unit hardware architecture.

underscores the daunting challenge of introducing a highly
advanced product that accurately replicates the functionality
of a healthy foot.

Acknowledging the aforementioned challenges, articu-
lated ESR foot prostheses have been developed to mitigate
concerns related to limited battery autonomy and prevent
excessive weight and cost gain, offering, at the same time, the
flexibility of adjusting prosthesis stiffness to accommodate
the user’s specifics. These kinds of feet incorporate manual
or semi-actuated mechanisms, in which the actuators are
not utilised for propulsion but for auxiliary tasks to adjust
prosthesis configuration. Some prostheses can modify leaf
spring force distribution, thereby influencing their ankle
torsional stiffness [4], [49], [50], [51], [52], or adjust the
foot’s balance position as in Proprio Foot by Ossur [53],
to improve walking on hill or stairs. With this paper
the authors propose a novel concept for an autonomous
adjustable stiffness prosthesis, MyFlex-6 (Fig. 1), based on
the encouraging outcomes achieved in activity recognition
and variable stiffness foot technologies.

The presented ESR prosthesis integrates an actuated VSS,
governed by a sensor-based control system employing a
CNN algorithm [54], [55]. The controller identifies the user’s
activity - Walking (W), Standing (St), Fast Walking (FW),
Ramp Ascending and Descending (RA and RD), Stairs
Ascending and Descending (SA and SD) - in real-time and
adjusts the prosthetic foot’s stiffness to align with the user’s
requirements. The objective is to shift the paradigm from the
user adapting to the prosthesis during diverse activities to the
prosthesis adapting seamlessly to the user’s needs.
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FIGURE 2. MyFlex-0 Computer-Aided Design (CAD) images overlaid with schematics representing the geometric variations by setting the prosthesis in
different VSS configurations: a) Stiffer foot configuration (Dx max = 54mm); b) Default stiffness foot configuration (Dx def = 48mm); c) Softer foot

configuration (Dx min = 42mm).

Il. AUTONOMOUS PROSTHESIS OVERVIEW

This section presents an overview of the MyFlex-6 prosthesis,
a novel autonomous prosthetic foot device equipped with an
actuated VSS and an integrated sensor-based HAR control
system. The foot mechanical design is primarily presented,
emphasizing the development and functionality of the Dx
slider mechanism used for modulating stiffness. The section
then outlines the actuation system and gear configuration that
enable real-time stiffness adjustment during gait. Finally, the
CNN-based HAR module is introduced, which leverages dual
IMUs inputs to classify user activities and adapt stiffness
accordingly.

MyFlex-9 is part of the MyFlex prosthetic feet family [12],
[56], [57], [58], [59]. From mechanical point of view, the
foot portion retains the same foot structure as its predecessor,
consisting of three elastic elements (upper, middle, and lower
blades) inspired by Ossur’s Pro-Flex Pivot [60] and features
the multi-axial elastomeric ankle joint of the MyFlex-n [59]
(Fig. 1). While the main body incorporates the VSS, known
as the Dx slider (patent WO2023135510A1 [61]), along with
its gearing and actuation system. The first version of the
Dx slider was manually adjustable and was introduced by
the authors with the MyFlex-€ prototype [58]. The term Dx
slider is derived from the distance Dx, which refers to the
longitudinal distance along the foot between the vertical axes
passing through the centre of the upper uniball joint of the
link and the centre of the ankle joint. Variations in the Dx
distance, whether an increase or decrease, alter the lever arm
between the upper pivot of the link and the vertical axis
of the ankle. This, in turn, affects the ankle torque storage,
which is determined by the product of the constant reaction
force generated by the primary elastic element involved (the
Middle-Blade) and the lever arm (Fig. 2).

A. ACTUATED VARIABLE STIFFNESS SYSTEM

The MyFlex-0’s actuated VSS (Fig. 3a) features a main
subsystem, a screw-nut mechanism consisting of three
components: tube connector, Dx slider, and threaded shaft.
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FIGURE 3. MyFlex-0 CAD representation: a) 3D CAD sectioned view of the
VSS with its main components; b) Top view of the prosthesis showing the
inclusion of the micro-gearmotor and gearing within the main body.

The tube connector made from Al 7075-T6 aluminium alloy,
with a through-hole concentric to a prismatic cavity. These
cavities house a 38NiCrMo4 steel double-threaded shaft
(TR10 x 2mm and M10 x 0.75mm) and the Dx slider (the
mobile component or nut) made from Al 7075-T6. The Dx
slider is coupled to the shaft via an internally (TR10 x
2mm) and externally (M16 x 2mm) threaded hollow insert
(38NiCrMo4 steel). The double-threaded shaft is constrained
to longitudinal movement within the tube connector by two
lock-nuts (M10 x 0.75mm) while remaining free to rotate.
By rotating the shaft counterclockwise or clockwise, the Dx
slider translates longitudinally within the prismatic cavity,
enabling stiffness adjustments from the maximum (Dx max =
54mm, Fig. 2a) to the minimum (Dx min = 42mm, Fig. 2¢c)
Dx distance value. A micro gear motor (Garosaeqmgghy9t5-
06 DC 12V 60 RPM, GAROSA - no load power absorption =
0.48Wh, rated power absorption = 1.92Wh [62]) is integrated
into the lateral side of the tube connector to actuate
the variable stiffness mechanism (Fig. 3b). The system is
designed to operate exclusively during the swing phase
of gait, when the prosthesis is unloaded. This approach
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minimizes actuator power consumption and mass while
maximizing the speed of stiffness adjustment.

The stall torque and consequently the power absorption
to lock the motor (7.2Wh [62]) were not critical design
constraints due to the self-locking properties of the screw-nut
mechanism. Specifically, the tangent of the inclination angle
of the TR10 x 2mm screw threads was designed to be smaller
than the friction angle between the threaded screw and the Dx
slider insert, ensuring reliable self-locking performance.

In conclusion, the gearing system was designed to address
both dimensional and strength constraints. It comprises two
straight-tooth cylindrical gears fabricated from nylon PA12,
featuring 24 and 36 teeth, respectively. These gears are
mounted on the shafts of the micro gear motor and the
threaded shaft of the VSS, ensuring efficient and reliable
actuation (gearing in Fig. 3b).

B. SENSOR-BASED CNN-HAR SYSTEM

HAR systems can generally be classified into two main
categories: video-based and sensor-based approaches [46].
In the context of wearable assistive devices, video-based
HAR involves the analysis of videos or images to capture
environmental information using cameras and lasers [24],
[25], [29], [39], [40], [63]. On the other hand, sensor-
based HAR relies on data collected from smart sensors such
as accelerometers, gyroscopes, pressure sensors, or EMG
sensors [19], [20], [21], [22], [23], [26], [27], [28], [30],
(311, [32], [33], [34], [35], [36], [37], [38], [41], [42], [43],
[44]. While video-based HAR systems often suffer from
performance limitations due to obstructions like clothing
or variations in environmental lighting conditions, sensor-
based HAR systems offer enhanced privacy and are gaining
popularity due to the small size, low cost, and lightweight
nature of the sensors.

However, the effectiveness of sensor-based HAR systems
depends on several factors, including the type and placement
of the sensors. For instance, EMG sensors can be affected
by issues such as variations in skin temperature, perspiration,
or electrode displacement [64]. Another critical factor is the
delay associated with data computation, as well as the accu-
racy of the employed algorithms. Sensors data are typically
processed using Machine Learning (ML) or Deep Learning
(DL) algorithms for activity recognition, both in offline and
real-time settings. DL, in particular, is advantageous for
supervised, unsupervised, and incremental learning tasks,
as it eliminates the need for complex, handcrafted feature
extraction techniques for data pre-processing. This stands
in contrast to traditional ML methods, which often rely
on heuristic feature engineering, limited by human domain
knowledge [45], [46], [47]. Among DL approaches, CNNs
and Long Short-Term Memory Recurrent Neural Networks
(LSTMs) are the most widely used in the literature due to their
superior performance. Specifically, CNNs are well-suited
for recognizing long-term repetitive activities, as they excel
at learning deep features embedded in recursive patterns
[65], [66].
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TABLE 1. Ankle torque (7) - Ankle angle (9) sixth-order polynomial
regression coefficients for different Dx values.

Dx |al a2 a3 a4 ad

42 [2.30E-06 |-4.34E-05 |-5.36E-04 | 1.84E-02 |-7.34E-02
44 | 2.84E-06 |-5.62E-05 |-5.87E-04 |2.19E-02 |-9.04E-02
46 |3.58E-06 |-7.32E-05 |-6.59E-04 |2.63E-02 |-1.07E-01
48 | 4.40E-06 |-9.16E-05 |-7.42E-04 |3.09E-02 |-1.26E-01
50 |5.30E-06 |-1.09E-04 |-8.54E-04 |3.56E-02 |-1.44E-01
52 | 6.05E-06 |-1.22E-04 |-1.02E-03 |4.03E-02 |-1.60E-01
54 | 6.66E-06 |-1.26E-04 |-1.28E-03 |4.48E-02 |-1.73E-01
Dx |a6 a7

42 | 5.16E+00 | 1.10E+00

44 | 5.38E+00 | 1.27E+00

46 | 5.58E+00 | 1.39E+00

48 | 5.80E+00 | 1.52E+00

50 | 6.04E+00 | 1.64E+00

52 | 6.31E+00 | 1.75E+00

54 | 6.59E+00 | 1.84E+00

In light of these advancements, a sensor-based CNN-
HAR control system has been implemented in the MyFlex-6
prosthesis to classify user activities and manage the VSS
according to user preferences. Two cost effective IMUs
(BOSCH BNO-055, assembled on an Adafruit printed circuit
board, Fig. 1b) were mounted on the prosthesis to capture
kinematic data. IMUs were attached respectively on the
gearing case and ankle frame, enabling the measurement of
the main body and foot portion kinematics during various
activities. The sensors were aligned with the x-axis parallel
to the prosthesis’ vertical axis, and their symmetry plane
coincided with the prosthesis’ sagittal plane. The IMUs were
configured with built-in software functions to compute the 3-
axis linear accelerations (excluding the effect of gravity) and
3-axis Euler angles for both the main body and foot portion.
These measurements were recorded at a recommended
sampling frequency of 100 Hz. The dual IMU setup was
chosen to enable the calculation of foot rotation in the sagittal
plane by deriving the difference in Euler angles between the
two sensors. Changes in the foot’s torsional stiffness, which
in turn depends on the configuration of the variable stiffness
system, affect foot torque-rotation and foot energy storing
and releasing behaviors. By correlating the rotations obtained
from the IMUs with those derived from 2D FEAs (Fig. 4
and Tab. 1) performed on MyFlex-6 and determined using
the Eq. 1 the procedure outlined in [58] it becomes feasible
to extrapolate real-time torsional torque values as the foot
stiffness configuration changes.

T = al6® + a20° + a36* + a46> + a56” + a66 + a7 (1)

This capability provides a means to validate the effects of
the stiffness variation system during operation.

Both the IMUs and the micro-gear motor were wired to a
single-board computer. A Raspberry Pi 4 (4Gb) was chosen
with the purpose to eliminate computational bottlenecks,
ensuring that the CNNs could process data in real-time
without significant delays. The Raspberry Pi (control board)
was housed in a case (Fig. 1a) alongside a DRV8871 Adafruit
motor driver responsible for controlling the micro-gear motor.
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FIGURE 4. MyFlex-0's Ankle Torque (7) - Ankle Angle (6) sixth-order
polynomial curves obtained from the FEAs performed on the main plane
of locomotion, for identical Ground Reaction Forces (GRFs) applied to the
forefoot and heel, but with different Dx values (ranging from 42 mm to
54 mm, with a 2 mm step), according to Tabucol et al. guidelines.

The entire control system was powered by a 14.4V 2350mAh
33.84Wh battery (provided by Ossur), which, together with
the case, were placed in a pouch worn by the user. This
setup ensured stability and facilitated the execution of the
experimental campaign.

Ill. HAR AND VSS ACTUATION STRATEGIES

This section describes the development and evaluation of
a CNN-based control system for real-time activity recog-
nition, aimed at enabling adaptive stiffness adjustment in
the MyFlex-6. The development was expedited through
the use of non-disabled adapters specifically designed to
interface the prosthesis with non-amputee participants. These
adapters, illustrated in Fig. 5, were engineered to emulate the
prosthetic socket connection while immobilizing the natural
ankle movements of non-disabled users. This setup allowed
participants to effectively simulate prosthetic use under
controlled conditions. The adapters incorporated Salomon
Verse 4.0 ski boots, whose soles were securely mounted
onto Al 7075-T6 aluminum alloy adapters (Fig. 5). The ski
boot adapters also featured a short pylon connected to the
prosthesis via a female tube clamp. To ensure stability and
comfort during use, the participant’s lower limb and the ski
boot adapter were aligned in a neutral position using standard
clinical prosthesis alignment techniques [67], enabling the
subject to maintain balance and walk without requiring
additional effort (CAD files of the entire non-disabled adapter
available in supplementary material). An non-disabled male
participant, aged 24 years, with a height of 1.9 meters
and a weight of 95 kilograms, participated in the dataset
collection process for training, validating, and testing the
CNN, as well as in real-time variable stiffness adjustment
experiments. During these experiments, the subject wore the
aforementioned pouch containing the battery and control
board connected to the web via a wireless interface.

A. DATASET CREATION
The experimental protocol provided to record for two minutes
both IMUs channels, 3-axis linear accelerations (ay, ay and
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az) and 3-axis Euler angles (6, 8y and 6,), at 100 Hz for
each activity under different Dx slider configurations (Dx =
42, 45, 48, 51, and 54 mm). The total dataset recording
time amounted to 70 minutes with a total sample number
of 420000 for each channel. However, a dropout technique
was employed to remove erroneous data caused by recording
errors, reducing 10% of the total amount of recording
time. A continuous dataset was compiled, encompassing all
datasets recorded for each activity and Dx settings chosen.

Data were collected in areas near the University of Bologna
Advanced and Material Design (AMD) laboratory. From
preliminary analyses, it was observed that retaining the
default orientation of the IMU reference frames resulted in
Euler angles exceeding their expected range. To address this
issue, the reference coordinates systems of the two IMUs
were rotated such that the x-axis aligned parallel to the
transverse axis of the foot, the y-axis aligned parallel to the
longitudinal axis of the foot, and the z-axis aligned parallel
to the vertical axis of the foot. A web-connected micro-gear-
motor controller was implemented in the board to enable
remotely prosthesis adjustments across various Dx slider
settings, corresponding to distinct stiffness configurations
facilitating data recording.

A modified cosine trajectory function reported in Eq. 2
was designed to move the motor to the specified Dx slider
position setpoint (py,) within a given time setpoint (fy). This
trajectory ensures smooth motion by gradually accelerating
and decelerating the motor.

Psp — P T
Peurr = Dstart + Zp TSt (1 — COS (— . tcurr)) )
2 Isp

An execution loop runs as long as the current time (Z,,;)
is less than or equal to the specified time setpoint (Z).
Within the loop, the current time (#.,,) and the current motor
shaft position (p.,) are updated. The function calculates
the closed-loop control output using a Proportional-Integral-
Derivative (PID) controller, which adjusts the motor’s output
to minimize the error between the current position and
the desired position. Once the loop completes, the motor
is stopped, and the final Dx slider position value is
printed.

The protocol began with a homing procedure of the
VSS, wherein the prosthesis was set automatically to
its softest configuration (Dx = 42 mm). Subsequently,
IMUs were calibrated autonomously through embedded
functions, and the desired Dx slider value was selected for
specific dataset collection. During the recording process,
the collected data were filtered, labelled, and organized
into separate datasets. Specifically, a moving median filter
with a window size of five points was applied to the
raw data signals to mitigate noise and remove spuri-
ous spikes, ensuring cleaner and more reliable data for
offline CNN training. Data normalization was employed
to eliminate the great magnitude differences of input data,
avoid prediction errors and reduce drastically computational
costs.
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FIGURE 5. Non-disabled adapters designed and used for testing and collecting the activities datasets with healthy subjects. Each of the seven activities
was recorded for 2 minutes at each Dx setting (42, 45, 48, 51, 54 mm) of the VSS.

B. CNN ARCHITECTURE AND HYPERPARAMETERS
DEFINITION

A baseline 1D-CNN architecture was designed for activity
recognition, consisting of two convolutional layers, two max-
pooling layers, one dropout layer, and a fully connected
(dense) layer (Fig. 6). The Adaptive Moment Estimation
(Adam) optimizer was employed to adapt the model’s weights
during training. The optimization targeted the validation
accuracy and validation loss as performance metrics. The
loss function used was sparse categorical cross-entropy,
which quantifies the difference between the model’s pre-
dicted probability distribution and the actual class labels,
guiding the optimization process during training. Unlike
categorical cross-entropy, it offers a memory advantage
using integer-encoded labels instead of one-hot encoding.
This configuration balances complexity and computational
efficiency while preserving the ability to extract meaningful
spatiotemporal patterns from the input data.

A segmentation strategy of the continuous sensor data into
manageable frames using a Sliding Window (SW) approach
was employed. The gait cycle of the healthy subject testing
the prosthesis by using able body adapters was found to be
equal to 1.5s. The effects of varying the Sliding Window
Size (SWS) and the relative overlap, or Hop Size (HS), were
examined by combining the SWS equal to 0.75s (half gait
cycle), 1.5s (entire gait cycle), and 3s (two gait cycles) with
HS equal to 25% of SWS, 50% of SWS, and 75% of SWS,
for a total of 9 combinations: (a) SWS=0.75 HS=0.25*SWS,
(b) SWS=0.75 HS=0.5*SWS, (¢) SWS=0.75
HS=0.75*SWS, (d) SWS=1.5 HS=0.25*SWS, (e) SWS=

1.5 HS=0.5*SWS, (f) SWS=1.5 HS=0.75*SWS, (g) SWS=3

HS=0.25*SWS, (h) SWS=3 HS=0.5*SWS, (i) SWS=3
HS=0.75*SWS.

The segmented datasets obtained from each SWS and
HS combinations were balanced with respect to the activity
containing the minimum number of frames. Subsequently,
these datasets were divided into 80% for CNN algorithm
training and validation, with 64% allocated for training and
16% for validation, while the remaining 20% was reserved for
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FIGURE 6. One Dimensional (1D)-CNN baseline model architecture used
for input selection and hyperparameter optimization.

offline testing, ensuring a thorough evaluation. As reported
in Tab. 2 and Fig. 6, several hyperparameters, including
the learning rate, were optimized using the Hyperband
algorithm [68] for each input combinations (Tab. 3).
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TABLE 2. Explored hyperparameter values and activation functions
during CNN optimization.

Layer Hyperparameters Min Value | Max Value | Step
(Value 1) | (Value 2) | (Value 3)
ConvlD filters 64 512 64
kernel size 2 5 1
activation function | (Relu) (Tanh) (Sigmoid)
strides 1 3 1
MaxPoolID | pool size 2 5 1
strides 1 3 1
padding (same) (valid)
Dropout dropout 0.2 0.5 0.1
ConvlD filters 64 512 64
kernel size 2 5 1
activation function | (Relu) (Tanh) (Sigmoid)
strides 1 3 1
MaxPoollD | pool size 2 5 1
strides 1 3 1
padding (same) (valid)
Dense units 64 512 64
activation function | (Relu) (Tanh) (Sigmoid)

Learning rate interval: min value = 0.0001; max value = 0.01.

TABLE 3. Input configurations defined as the selection of different IMU
channel combinations.

INPUT CONFIGURATION
Sensors Channels |0 |1 |2 [3 |4 |5 |6 |7 |8 |9
IMU] dx1 * * * * *
avl ES ES ES ES *
az; * * * * *
9)(1 * * * * *
9v1 * *® * * *
azl * kS ES £ *
MU2 Ao % * * * *
aVQ ES £ ES £ &
a: * * * * *
Oy * * * * *
Oy2 * |k N
9'22 * * * * *
IMUs 9x(,_,ﬁ *

a represents the linear acceleration, and 0 represents the Euler angle for the
respective axis and IMU indicated by the subscript. For instance, subscripts 1
and 2 refer to IMU1 and IMU?2, respectively. Ox iy represents the difference in
Euler angles around the x-axis, calculated as 6,1 — y2.

The Hyperband tuner was employed to efficiently identify
the optimal set of hyperparameters by combining random
sampling with successive halving. This approach minimizes
computational costs while enhancing the search for suitable
hyperparameters. The tuner’s objective was set to maximize
validation accuracy. To prevent overfitting, the maximum
number of epochs for training each model during the search
process was capped at 10. The factor parameter, set to 4,
controlled the rate at which configurations were discarded
during successive halving.

Optimal hyperparameters were identified for each input
configuration and combination of SWS and HS for a total of
81 optimized CNN algorithms. Moreover each network was
trained seven times using the same training data to capture
the standard deviation arising from the inherently stochastic
nature of the neural network training process providing
a more reliable assessment of the models’ performances
(Tab. 4). Considering a minimum reference offline validation
accuracy for CNN equal to 0.96 (96%) [47], the results
presented in Fig. 7 and Tab. 4 indicate that the algorithms
optimized for SWS=0.5s achieved this threshold in only one
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(e) SWS=1.5 HS=0.5*SWS, (f) SWS=1.5 HS=0.75*SWS, (g) SWS=3
HS=0.25*SWS, (h) SWS=3 HS=0.5*SWS, (i) SWS=3 HS=0.75*SWS.
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FIGURE 8. Time needed to actuate the VSS recognizing three consecutive
activities for different combination of SWS and HS.

SWS=0.75 HS=0.25*SWSS, (b) SWS=0.75 HS=0.5*SWS,

(c) SWS=0.75 H5=0.75*SWSS, (d) SWS=1.5 H5=0.25*SW'S,

(e) SWS=1.5 HS=0.5*SWS, (f) SWS=1.5 H5=0.75*SWS, (g) SWS=3
HS=0.25*SWS, (h) SWS=3 HS=0.5*SWS, (i) SWS=3 HS=0.75*SWS.

instance (SWS=0.5s and HS=0.25*SWS - first column ‘a’
in Tab. 4). This configuration also required a high number
of input channels (input combination 9, Tab. 3). Therefore,
selecting SWS values of 0.5s for each HS configuration
proved to be suboptimal in terms of both computational
efficiency and accuracy. In contrast, SWS values of 3s yielded
CNNs’ accuracies exceeding 0.98 (or 98%).

However, referring to Fig. 8, use a SWS equal to 3s
could be impractical, since to account for potential prediction
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TABLE 4. Validation accuracy (Acc.) and loss with the relative standard deviation (o). All accuracies greater than 0.96 (96%) are reported in bold.
SWS (s) - HS (%) [
a=0.75-0.25 b=0.75-0.50 ¢=0.75-0.75 d=1.5-025 e=15-050 f=1.5-0.75 g=3-0.25 h =3-0.50 1=3-075 |
Input |Acc. |o Acc. |o Acc. |o Acc. |o Acc. |o Acc. |o Acc. |o Acc. |o Acc. |o
0 0.865 [ 0.008 [0.832 |0.008 |0.799 |0.012 |0.917 |0.008 |0.877 | 0.008 |0.866 |0.010 |0.933 [0.017 [0.928 |0.010 |0.881 |0.005
1 0.864 | 0.015 |0.890 |0.011 |0.870 |0.016 |0.943 | 0.008 |0.922 |0.007 |0.933 |0.011 |0.961 |0.002 |0.935 |0.008 |0.939 |0.013
2 0.948 [0.002 [0.930 |0.021 [0.923 | 0.005 |0.965 | 0.008 |0.965 | 0.006 | 0.951 |0.004 |0.980 |0.002 [0.967 |0.015 |0.964 |0.013
3 0.879 [0.005 [0.85 |0.026 |0.803 |0.029 |0.929 |0.014 |0.884 | 0.006 |0.879 |0.015 |0.920 | 0.007 {0.904 |0.016 |0.894 |0.005
4 0.889 | 0.012 |0.830 |0.031 |0.823 |0.034 |0.925 | 0.004 |0.903 |0.009 |0.881 |0.004 |0.939 |0.009 |0.898 |0.045 |0.839 |0.020
5 0.936 | 0.004 |0.925 | 0.004 | 0.909 |0.010 |0.939 |0.040 |0.945 | 0.009 |0.932 | 0.008 |0.954 |0.009 |0.961 |0.005 |0.948 |0.014
6 0.918 [ 0.008 |0.883 |0.006 |0.852 | 0.045 |0.948 | 0.005 |0.926 | 0.017 |0.903 |0.017 |0.955 [0.007 [0.946 |0.011 |0.923 |0.005
7 0.927 | 0.008 |0.896 |0.000 | 0.887 |0.004 |0.956 |0.011 |0.934 |0.016 [0.928 |0.011 |0.963 | 0.007 |0.952 |0.005 |0.928 |0.012
8 0.957 |0.007 |0.953 |0.002 |0.922 |0.019 |0.968 | 0.011 |0.961 |0.006 |0.965 |0.003 |0.986 |0.004 |0.979 |0.003 |0.960 |0.011
9 0.961 | 0.007 |0.949 |0.009 | 0.937 |0.007 |0.969 |0.006 |0.963 | 0.009 |0.964 |0.010 |0.979 |0.005 |0.976 |0.004 |0.967 | 0.009
Input |Loss |o Loss |o Loss |o Loss |o Loss |o Loss |o Loss |o Loss |o Loss |o
0 0.389 | 0.009 |0.475 |0.039 | 0.553 |0.010 |0.238 | 0.020 |0.382 |0.028 [ 0.402 | 0.015 |0.201 |0.054 | 0.215 |0.034 |0.426 |0.024
1 0.410 | 0.048 |0.344 | 0.024 | 0.407 | 0.055 | 0.211 | 0.054 |0.292 | 0.044 |0.233 | 0.026 |0.125 | 0.007 |0.229 |0.018 |0.192 |0.028
2 0.176 | 0.013 |0.225 | 0.056 | 0.255 | 0.020 |0.128 | 0.041 |0.136 | 0.033 | 0.178 | 0.013 |0.081 |0.023 |0.164 | 0.132 |0.121 |0.016
3 0.344 |0.014 |0.410 | 0.068 | 0.549 |0.055 |0.197 | 0.034 |0.316 |0.030 | 0.351 |0.072 |0.249 |0.022 |0.254 | 0.021 |0.324 |0.039
4 0.321 [0.044 [0.503 | 0.098 |0.498 | 0.083 |0.248 | 0.014 |0.298 | 0.023 | 0.363 | 0.034 |0.219 [0.071 [0.293 | 0.126 |0.433 | 0.047
5 0.190 | 0.009 |0.267 |0.054 | 0.263 | 0.015 | 0.178 | 0.095 | 0.179 | 0.030 |0.196 |0.022 |0.145 |0.022 |0.123 | 0.013 |0.177 |0.034
6 0.245 | 0.026 |0.387 | 0.054 | 0.404 |0.089 |0.159 |0.017 |0.209 |0.042 | 0.287 | 0.047 |0.138 | 0.033 | 0.169 |0.047 |0.237 |0.022
7 0.233 | 0.033 |0.333 |0.002 |0.348 | 0.032 | 0.153 | 0.029 |0.224 | 0.054 | 0.273 | 0.065 |0.124 | 0.017 |0.148 | 0.008 |0.225 |0.037
8 0.128 [0.017 [0.144 |0.011 | 0.229 | 0.046 |0.105 | 0.039 |0.149 | 0.019 | 0.127 | 0.005 |0.048 | 0.010 |0.283 | 0.368 | 0.155 | 0.026
9 0.121 | 0.015 |0.158 | 0.024 | 0.193 | 0.018 |0.109 | 0.029 |0.126 | 0.03] |0.146 | 0.032 |0.069 | 0.0/3 |0.084 | 0.008 |0.113 |0.011
errors by the algorithm during transitions between activities e
in real-time testing and to prevent overloading the motor, w B R BR R R e 10
the actuator was programmed to engage only when the same RA 1 o3 Sl e iy e 0.8
activity was predicted at least three consecutive times. Con- i L
sequently, considering the scenario with the minimum sliding g RDwm aw BBl s 0.6
3 3 b <
Wlndow Overlap ( g - SWS:3S and SHS:O'ZS*SWS)’ Tl) SA ru.gm <u.go| \0305 \030! m.:m:
recognizing three consecutive activities — even if they £ 0.4
3 1 3 » SD L m.gm (u.ém 1. gu m.fm 40209 m.gu:
coincide — would require 4.5 seconds.
. . , 2
Another important observation concerns the network’s St el odk aki e e 0
superior performance in activity recognition when using 0
only linear accelerations instead of Euler angles. In general, W e el e e e g
higher accuracy values were achieved when considering the Predicted Label FW RA RD SA SD St W

linear accelerations from both IMUs across all SWS and HS
configurations. Furthermore, results indicate that utilizing the
linear acceleration from the IMU mounted on the main body
leads to higher CNN accuracy compared to using the IMU
positioned on the ankle. This finding suggests that future
iterations of the prosthesis could incorporate simpler and
more cost-effective IMU sensors placed on the main body
without compromising activity recognition accuracy.

For all the aforementioned reasons, the optimal 1D-CNN
algorithm selected for real-time testing was the one optimized
for input configuration 2, with SWS = 1.5 seconds and
HS = 0.25*SWS. The validation accuracy and loss for the
selected configuration by considering the standard deviation
were 0.965 (or 96.5%) and 0.128 (Table 4), respectively. The
corresponding confusion matrix is presented in Figure 9. The
related optimized hyperparameters were: filters = 448 kernel
size = 2 strides = 2 activation function = relu for the first-
layer Conv1D, pool size = 3 strides = 3 padding = same
for the second-layer MaxPoollD, dropout = 0.2 for the
third-layer Dropout, filters = 128 kernel size = 3 strides =
1 activation function = tanh for the fourth-layer Conv1D,
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FIGURE 9. Confusion matrix of the optimized 1D-CNN retrieved for the
validation subset, with input channel combination 2, SWS = 1.5s, and
HS = 0.25*SWS.The diagonal values correspond to the correct
classification rates for each activity, while the off-diagonal values
represent the misclassifications.

pool size = 5 strides = 3 padding = same for the fifth-layer
MaxPool1D, units = 448 activation function = tanh for the
sixth-dense layer and a learning rate of 0.00063958.

Subsequently, the optimized 1D-CNN algorithm was also
evaluated using the 20% of unseen test data to assess
its potential for real-time experiments. The resulting test
accuracy and loss were 0.972 (or 97.2%) and 0.103,
respectively, with the associated confusion matrix shown in
Figure 10.

The results obtained for both validation and test datasets
are consistent, as evidenced by the comparison of the
confusion matrices (Fig. 9 and Fig. 10). In particular, a similar
mis-classification pattern between SA and SD is observed
in both cases. The corresponding accuracy values, 0.92 for
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FIGURE 10. Confusion matrix of the optimized 1D-CNN retrieved for the
test subset, with input channel combination 2, SWS = 1.5s, and HS =
0.25*SWS.The diagonal values correspond to the correct classification
rates for each activity, while the off-diagonal values represent the
misclassifications.

validation and 0.94 for testing, are notably lower than the
other accuracy values, which exceed 96%.

IV. REAL-TIME SUBJECT EXPERIMENTS

This section presents real-time experimental testing protocol
of the autonomous variable stiffness foot system, using a
human participant in a natural outdoor environment. The
experiments aimed to assess both the classification accuracy
of the HAR-CNN-based control system and the functional
performance of the adaptive stiffness mechanism across a
variety of daily locomotion tasks.

The same participant involved in the data collection for
optimizing and training the HAR-CNN-based control system
was recruited for the real-time testing phase. This choice was
made because, after several trials, the participant was able
to identify their preferred foot stiffness configurations for
each activity. For W, a default foot stiffness configuration
(Dx = 48 mm) was preferred, as the blade stiffness categories
aligned well with the participant’s body weight and walking
style. For FW, a stiffer configuration Dx = 49.5 mm) was
selected to provide greater toe push-off power. During St, the
participant opted for a softer stiffness configuration (Dx =
45 mm) to enhance comfort. For RA, an even softer stiffness
configuration (Dx = 43.5 mm) was chosen to improve energy
return and prevent the toe from pushing the participant
backward. In contrast, the same stiffness configuration used
for W (Dx =48 mm) was also preferred for RD, as it provided
effective heel strike and toe and knee stability. For SA and
SD, the stiffness was set to Dx = 46.5 mm to ensure stability,
as the participant preferred using a flat-foot approach, relying
more on knee movement for climbing stairs.

The participant was instructed to complete a sequence of
different tasks to evaluate both the classification performance
of the network and the operational functionality of the motor.

For the experiment, tests were conducted near the sanc-
tuary of San Luca in Bologna, as the location offered a
comprehensive range of activities to perform continuously.
The specific sequence of tasks required of the participant
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is outlined in Fig. 11, with the starting and ending points
coinciding. The test began with the participant standing -
St - followed by a period of fast walking - FW - along a
section of the path. The participant then stopped and remained
standing - St - before tackling the uphill ramp - RA -. Upon
reaching the end of the ramp, the participant stood briefly -
St - before proceeding through a series of tasks without inter-
ruptions. This sequence involved walking - W - to the stairs
located in the left tower of the sanctuary, ascending the stairs -
SA - walking - W - through the portico to the stairs in the
right tower, descending those stairs - SD - and continuing to
walk - W - until reaching the ramp, where they again stood -
St -. From this point, the participant descended the ramp -
RD - remained standing once more - St - and then began
another fast walking - FW - segment, which concluded at
the endpoint of the test with a final standing phase - St -
coinciding with the starting point and marking the completion
of the real-time evaluation.

V. RESULTS

This section presents the results of the real-time subject
testing, focusing on evaluating the effectiveness of the HAR-
CNN-based control system and the MyFlex-6 prosthesis
in adapting stiffness during dynamic, real-world activities.
The main goals of this analysis were to assess the sys-
tem’s classification accuracy during varied locomotor tasks,
understand the impact of adaptive stiffness on ankle torque
and kinematics, and identify areas for further optimization
in control response and mechanical performance. The test
sequence performed by the healthy participant using non-
disabled adapters including seven distinct activities lasted
approximately 8 minutes. The participant followed the pre-
defined path, designed to include multiple activity transitions
to assess the real-time responsiveness of the control system
and its ability to accurately classify activities and adjust the
prosthetic stiffness accordingly.

The algorithm real-time classification accuracy was found
to be equal to 91.5%, slightly lower than the 97.2% of accu-
racy achieved in offline experiments. The confusion matrix
in Fig. 12 provides a detailed breakdown of classification
performance across all tested activities. The discrepancy
of 5.7% can be attributed primarily to two factors: the
complexity of predicting activities during transitions, where
movement characteristics overlap, and minor terrain irregu-
larities, particularly on ramps, which occasionally resulted in
misclassifications of ramp walking as level-ground walking
(Fig. 13a).

Despite these minor misclassifications, the stiffness adjust-
ment mechanism functioned as intended. Since the control
algorithm was designed to modify stiffness only after three
consecutive predictions of the same activity, the misclassi-
fications did not lead to incorrect stiffness adjustments, but
rather introduced minor delays before the system adapted to
the appropriate stiffness level. Additionally, the actuator was
programmed to activate exclusively during the swing phase—
when the prosthesis is unloaded—in order to minimize
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FIGURE 11. Real-time subject testing protocol conducted at the Sanctuary of San Luca (Bologna).
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FIGURE 12. Confusion matrix of the optimized 1D-CNN retrieved from
real-time subject testing conducted at the Sanctuary of San Luca.
Accuracy = 91.5%. The diagonal values represent the correct
classification rates for each activity, while the off-diagonal values indicate
misclassifications. This visualization provides an assessment of the
model’s performance in correctly identifying each activity.

power consumption. The average energy consumption of
the entire control system, measured with a multimeter
under algorithm classification conditions, was approximately
2.7Wh, which includes 0.48Wh drawn by the motor in
its idle (non-actuated) state. Fig. 13b shows the motor’s
power consumption during the full 8-minute testing session,
which included continuous transitions among the seven
activities. This consumption was negligible compared to the
overall energy usage of the control system. Consequently,
based on the capacity of the battery used in the control
unit, the estimated operational autonomy is approximately
12 hours.

A third order response surface (Eq. 3) fitted on sixth-order
polynomial regression models derived from FEA (Fig. 4 and
Tab. 1), with an adjusted coefficient of multiple determination
R? = 0.997, was calculated to assess how stiffness variations
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influenced ankle torque:

T = 6.174 4 0.423Dx + 7.4350xqi5 — 0.011Dx?
— 0.273Dx0xgiy — 0.4110x5 + 0.005 Dx>0x i
+0.005x60x7;5 + 0015605 3)

Specifically, real-time torque estimation (7)) was con-
ducted using real-time ankle rotation (6xg), processed
as the difference of Euler angles calculated in the
sagittal plane between the two IMUs sensors mounted
on the foot, and the related Dx slider position (Dx).
The resulting ankle torque-angle curves, presented in
Fig. 13d, illustrate how different Dx slider settings
influenced torque generation and foot performance across
activities.

A key observation is the user’s preference for a stiffer foot
configuration (Dx = 49.5 mm) during FW, which allowed
for the generation of higher peak torque in late stance
(~150Nm in steady-state conditions), improving toe push-off
efficiency. In contrast, level-ground walking was performed
with a moderate stiffness setting (Dx = 48 mm) to provide
a balance between stability and energy return, producing
approximately 100Nm in late stance, a lower torque value
than that recorded during FW. Interestingly, despite the higher
stiffness, the Range Of Motion (ROM) observed in FW
was greater than in level-ground walking (Fig. 13e). This
suggests that, for the specific user who tested the pros-
thesis, further increasing foot stiffness in FW activity may
improve torque generation, potentially reducing user effort
and enhancing comfort by providing more efficient energy
return.

Another significant observation was made during SA,
where minimal torque contribution from the foot was
detected. The participant predominantly adopted a flat-
foot strategy, relying primarily on knee flexion rather
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blue, SD = grey. (a) Activity classification predicted by the HAR-CNN. (b) Dx slider position representing the prosthetic foot stiffness setting.
(c) Micro-gearmotor power consumption during stiffness modulation. (d) Estimated ankle torque based on IMU-derived joint angles and FEA

polynomial models. (e) Ankle angle measured by the IMU.

Increasing stiffness during stair ascent could redistribute
the load towards the foot, encouraging a more natural toe
push-off strategy rather than excessive reliance on knee

than ankle push-off for propulsion. This pattern suggests
that current stiffness settings may not be fully opti-
mized for the user stairs climbing way, as the prosthetic
foot did not actively contribute to upward propulsion. flexion.
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VI. DISCUSSION

The demand for adaptable prosthetic feet has been widely
acknowledged in recent literature. Traditional ESR feet
typically provide fixed stiffness configurations, limiting their
effectiveness across varying locomotor tasks. In contrast,
real-time stiffness modulation allows the prosthesis to
dynamically adapt to user activity, enhancing mobility,
comfort, and energy efficiency.

To address these limitations, the MyFlex-0 prosthe-
sis integrates an actuated VSS and a CNN-based HAR
controller. The system classifies seven user activities—
walking, fast walking, standing, ramp ascent/descent, and
stair ascent/descent—and adjusts stiffness in real time after
three consecutive predictions of the same activity. This
eliminates the need for manual adjustments, improving
usability over previous prototypes such as MyFlex-¢ [56].

The initial experimental protocol, conducted under con-
trolled conditions, produced 70 minutes of sensor data
from two IMUs mounted on the prosthesis, covering all
seven activities across five stiffness configurations. A total
of 81 CNN configurations were trained and validated,
exploring combinations of IMU channels, algorithm hyper-
parameters, and sliding window/hop size settings. The
optimal model chosen, based solely on both IMUs linear
accelerations, achieved 96.5% validation accuracy and 97.2%
offline test accuracy using a 1.5s sliding window and
0.25 x SWS hop size. Interestingly, models using only linear
accelerations outperformed those including Euler angles,
suggesting that a simplified hardware configuration — also
possibly with a single cost-effective IMU — could suffice
without sacrificing performance.

Hardware simplification emerged as a key objective
for future development, with implications for both device
compactness and battery autonomy. For instance, the current
prototype employs a Raspberry Pi 4, selected for its ease
of integration and computational capabilities. Experimental
measurements indicate an average power consumption of
approximately 2.7Wh during real-time operation (excluding
minor motor draw), which, combined with a 33.84Wh
battery, yields about 12 hours of continuous usage—
likely insufficient for full-day operation. Implementing
strategies such as processing less data in real time or
disabling the micro-actuator when not in use could reduce
system complexity and power consumption, allowing for the
adoption of lower-power control boards and further extending
operational time.

A second experimental protocol evaluated real-time
performance in an uncontrolled setting, achieving 91.5%
classification accuracy. As shown in Fig. 13a, most classi-
fication errors occurred during transitions or due to terrain
irregularities, while steady-state accuracy remained robust.
These misclassifications led only to brief delays in stiffness
modulation due to the three-prediction rule and did not impair
actuator functionality (Fig. 13b).

A key strength of the MyFlex-6 system lies in its dual-IMU
configuration, which enables direct measurement of ankle
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joint rotation from the prosthesis itself. This setup removes
dependence on footwear and provides consistent, real-time
kinematic data without requiring lab-based motion capture.
Combined with sixth-order polynomials derived from Finite
Element Analysis (FEA), the system estimates ankle torque
in real time under varying stiffness conditions. This enables
continuous monitoring of prosthesis behavior and supports
correlation of torque trends with user preferences. It may also
facilitate future integration of energy and power estimation
models. In fact, future versions of the system could incorpo-
rate Physics-Informed Neural Networks (PINNSs) to further
enhance torque estimation and reduce reliance on discrete
HAR-based stiffness updates [69], [70]. By embedding
biomechanical constraints—such as moment equilibrium and
energy conservation—directly into the network’s loss func-
tion, a PINN could provide continuous, physics-consistent
torque estimation throughout the gait cycle.

These features position the MyFlex-6 system as a promis-
ing platform for a portable, real-time gait analysis lab capable
of continuous, in-situ biomechanical monitoring. The system
could enable long-term data acquisition, facilitating adaptive
tuning of prosthesis behavior based on user-specific patterns
in natural environments.

Despite these promising outcomes, the study has a
significant limitation: all data—used for offline training,
validation, and real-time testing—were collected from a
single non-disabled male participant using a ski-boot adapter.
Future clinical validation must involve a diverse group of
lower-limb amputees with varying gait characteristics, body
weights, and amputation levels. In addition to broadening the
user base, incorporating subjective evaluation tools such as
the NASA Task Load Index (NASA-TLX) [71] may help
assess perceived workload, comfort, and usability, thereby
complementing quantitative performance metrics.

Finally, the HAR-CNN controller could be further
improved through adaptive learning strategies capable of
recognizing and adjusting to individual gait profiles over
time. By integrating user feedback and biomechanical inputs,
such systems could support personalized stiffness modulation
and long-term adaptability across a wide range of locomotor
scenarios.

VIi. CONCLUSION

This study presented MyFlex-6, an autonomous ESR pros-
thetic foot equipped with a VSS and a 1D-CNN-based HAR
controller. The system enables real-time classification of
locomotor tasks—such as walking, fast walking, standing,
and ascending/descending ramps or stairs—and dynami-
cally adjusts foot stiffness without requiring manual user
intervention. Notably, stiffness adaptation occurs only after
three consecutive predictions of the same activity, promoting
stability and reducing false transitions.

The HAR-CNN model achieved a validation accuracy of
96.5% and an offline test accuracy of 97.2%, while real-time
experiments yielded 91.5% accuracy, even in uncontrolled
environments. Most classification errors occurred during
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activity transitions or minor terrain irregularities, but these
did not impair actuator performance—only causing brief
delays in stiffness updates. Furthermore, CNN models trained
using only linear acceleration data consistently outper-
formed those using combined acceleration and Euler angles,
indicating that future iterations could adopt a simplified, cost-
effective IMUs setup without compromising performance.

A key contribution is the system’s ability to estimate ankle
torque in real time by correlating prosthesis-based IMUs
data with stiffness-dependent polynomial models derived
from FEA. This method enabled continuous torque esti-
mation across different activities and stiffness settings. For
instance, during fast walking, a stiffer configuration (Dx =
49.5mm) enabled the generation of peak torques around
150Nm, improving toe push-off. In contrast, level-ground
walking with moderate stiffness (Dx = 48mm) resulted
in approximately 100Nm, balancing stability and energy
return. These results highlight the prosthesis’s capability to
adapt dynamically to biomechanical demands, supporting the
development of personalized stiffness profiles.

However, an important limitation of this study must be
emphasized: all data—training, validation, and real-time—
were collected from a single non-disabled male participant
using a ski-boot adapter. While this setup was suitable for
proof-of-concept validation, generalizability remains limited.

Future work will aim to address this limitation through
clinical testing on a diverse cohort of lower-limb amputees
with varying body mass, gait characteristics, and amputa-
tion levels. Additional developments will include refining
the controller to handle gait transitions more seamlessly,
optimizing power consumption, and incorporating adaptive
learning or physics-informed models for continuous stiffness
modulation. Ultimately, the MyFlex-0 system offers a
promising step toward portable, real-time gait labs capable
of supporting personalized prosthesis tuning in everyday
environments.
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