
IEEE SENSORS JOURNAL, VOL. 25, NO. 17, 1 SEPTEMBER 2025 33869

Real-Time Wearable Electrogoniometry System
for Measuring Range of Motion in

Rehabilitation Applications
Maurizio Pellegrini , Graduate Student Member, IEEE, Giuseppe Coviello , Senior Member, IEEE,

Giuseppe Brunetti , Associate Member, IEEE, and Caterina Ciminelli , Senior Member, IEEE

Abstract—This article presents a wearable, low-cost, and
high-accuracy electrogoniometry system designed for the
dynamic measurement of range of motion (ROM). The sys-
tem integrates two-axis capacitive flex sensors attached to
the joints in both the upper and lower limbs (i.e., shoul-
der, elbow, hip, knee, ankle) through a modular, 3-D-printed
framework. The electrogoniometry system aims to detect
movement accurately for clinical purposes (e.g., evaluating
the onset of diseases that affect mobility) and to control
innovative treatment techniques such as precision electrical
muscle stimulation (EMS) systems. Following ROM measure-
ment guidelines, the system was successfully validated for
accuracy by comparison with video-based motion capture
(VMC) software across all aforementioned joints. The pro-
posed system (PS) achieved root mean square error (RMSE)
values below 4◦, maximum ROM difference (MRD) below 2.5◦,
correlation coefficients of 99% or higher, and Bland–Altman analysis results of 0.644◦ ± 4.786◦.

Index Terms— Biomedical monitoring, digital health, electrogoniometer, patient rehabilitation, range of motion (ROM),
wearable sensors.

I. INTRODUCTION

IN THE field of rehabilitation, the detection and tracking
of movement of a patient is very important in analyzing

the outcome of a given treatment following injury and the
onset or progression of motor impairing diseases [1]. These
latter pathologies can cause progressive damage to the mus-
culoskeletal or neurological condition of the patient, altering
either the muscles or the communication vias that lead to their
activation [2]. Clinical care for these conditions can vary from
the traditional hands-on approach from medical professionals
to more cutting-edge treatments and may follow a patient
starting from the Intensive Care Unit (ICU) all the way to
at-home therapy.
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Innovative therapeutical approaches like functional elec-
trical stimulation (FES) and neuro-muscular electrical
stimulation (NMES) can help regain functionality in paralyzed
patients and counteract atrophic conditions and consequent
limitations in movement capabilities, respectively. This is by
providing electrical pulses for the affected muscles helping,
in both cases, to maintain or regain their strength and tone.
Additionally, some may also be used without professional
supervision facilitating the telemedical approach [3], [4], [5].
For all these active treatments, some form of biofeedback
may enable precision rehabilitation adjusting stimulation based
on the characteristics of a given movement [2]. Given these
considerations, precise measurement of the range of motion
(ROM) is clinically significant, highlighting the necessity of
a reliable electrogoniometry system. ROM refers to the arc
of motion between the initial and final positions of joint
movement within a specific anatomical plane [1].

A wearable ROM measurement sensor, designed for appli-
cations such as those mentioned above, must possess specific
capabilities to facilitate seamless integration into more com-
plex and comprehensive systems. Key considerations include
comfort, accuracy, and cost. The sensor should seamlessly
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integrate into the user’s daily life, ensuring it is unobtrusive
and comfortable to wear, thereby enabling continuous data
collection during activities of daily livings (ADLs). Moreover,
it must provide sufficient accuracy to be clinically relevant and
to ensure the proper functioning of the broader system. Addi-
tionally, cost-effectiveness is crucial to extend its applicability
beyond specialized medical facilities and clinics. Currently,
the most widely used systems are highly dependent on the
expertise of the medical personnel carrying out the examina-
tion and/or allow for only statistical measurements and not
real-time measurements of the subject’s ROM. This latter is
essential to enable the continuous monitoring of treatment effi-
cacy and adjustments during therapy needed for cutting-edge
precision rehabilitation. In this area, wearable systems may
also find use as feedback techniques for innovative robotics
and prosthetics. In this regard, wearable motion tracking
technologies have demonstrated significant potential for moni-
toring joint and muscle movements in dynamic environments.

Examples include its use in human activity recognition for
adaptable assistance exoskeletons control [6], and gait motion
monitoring of Parkinson’s disease for movement reconstruc-
tion and body control assessment [7].

Application in extreme environments like space should
also be considered as the exposure to microgravity causes
muscle atrophy in major load-bearing muscles (e.g., quadri-
ceps femoris, gastrocnemius, biceps brachii), like the
above-mentioned motor impairing diseases [8]. This study
stems from the need for precise angle measurements required
in electrical muscle stimulation (EMS) applications on astro-
nauts, similar to the one described in [9]. EMS, a term
often used interchangeably with NMES, indicates treatment to
maintain or strengthen muscle mass, which is usually applied
to abled body individuals like athletes.

Here, we propose and validate a complete motion-
tracking/ROM measurement system that is lightweight,
comfortable, wearable, and modular (i.e., composed of inter-
changeable pieces of different lengths, making it adaptable to
various subjects). The system is also designed for simple and
effective integration into more complex frameworks, featuring
low computational complexity and low latency. It enables
real-time onboard analysis, making it highly suitable for
integration, for example, into a wearable system for intelligent
EMS applications with immediate feedback (Fig. 1).

The manuscript is structured with Section II, which presents
the state of the art along with a discussion on the advantages
and disadvantages of various wearable motion detection tech-
nologies. In Section III, the proposed system (PS) is described.
Section IV explains the validation methods as well as the
accuracy metrics used. In Section V, the experimental results
are presented, highlighting this work’s effectiveness. Finally,
in Section VI, conclusions are given, and possible future
research activities are proposed.

II. STATE OF THE ART

The most commonly used instrument for measuring ROM
by medical professionals is the manual goniometer (either
digital or analog). This instrument is, however, affected

Fig. 1. Block diagram of an ROM measuring system usage as biofeed-
back in EMS application that may be used in cutting-edge rehabilitations
procedures.

by errors depending on the expertise of the practitioner
(e.g., alignment of the goniometer arms to the anatomical
reference points). Additionally, the measured values are only
applicable to clinical environments and are valid only for sta-
tistical measurements. These systems cannot, in fact, provide
real-time and continuous assessment of the user’s mobility
condition. Also, it would be impossible to track end-to-
end rotational motions or the angular speed of the executed
movements [10].

The gold standard is represented by the video-based motion
capture (VMC) and fluoroscopy systems. These systems can
range in cost from 10000.00 $ to 200000.00 $ or more [1],
[11]. Unfortunately, they suffer from errors given by the
perspective of the recording camera which happens mostly
in noncontrolled environments (e.g., parallax, camera angles,
skin motion artifacts). These errors may cause up to 70%
of posture misclassification compared to other technologies
(i.e., electrogoniometers), as well as not being able to be used
outside of specially designed environments. This, of course,
does not favor the at-home approach or more dynamic settings
because of the systems being immobile, hard to operate [12],
[13], [14].

Wearable sensors offer a promising compromise between
accuracy, low cost, and usage outside of specialized clinical
settings. In fact, they allow for a truthful representation of the
user’s motor condition. They also enable reliable assessments
of motor function in extreme environments where traditional
manual or VMC technologies are impractical.

The most common wearables rely on Inertial Measure-
ment Units (IMUs) or Inertial Magnetic Measurement Units
(IMMUs), which are inexpensive, lightweight, easy to minia-
turize, and wearable [15]. However, IMU and IMMU sensors
are affected by errors caused by the intrinsic drift of gyro-
scopes (i.e., temperature shift), the skewing of magnetometers
(i.e., external magnetic fields), and unwanted external acceler-
ations on accelerometers (e.g., gait anomalies, scar, or adipose
tissues) [14]. These errors may be mitigated via custom
algorithms like sensor fusion techniques [14], [15], [16]. These
methods combine the output of accelerometers, gyroscopes,
and magnetometers present on IMUs or IMMUs to minimize
the errors caused by the abovementioned problematics.
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The Kalman filter and its variations are the most widely used
techniques, though they require the inversion of large matrices.
This increases computational complexity, processing time, and
battery consumption. Simplifying these algorithms through
linearization can reduce complexity but increases sensitivity
to initial conditions and introduces linearization, truncation,
and divergence errors [14], [17]. The high level of algorithm
customization may limit the replication, introducing or exac-
erbating errors, and increase the cost of the systems [13], [15].

Computational complexity may also cause the need for
a PC for processing, limiting the advantages of wearable
sensors [14], [15]. Additional limitations are the low accuracy
of the IMU systems at low rotational speeds (i.e., <10◦/s)
because of the lower strength of the inertial signal, and the
high variance between methods of calibrations, significantly
impacting the accuracy [10], [13].

An emerging technology in ROM measurements involves
textile sensors that detect deformation and are used in wearable
garments to achieve motion detection. As much as these
systems are interesting and push the boundaries of biolog-
ical measurement instrumentation, they are far from being
commercialized and standardized enough to be able to con-
tinuously provide accurate ROM values for long durations of
time. This, because they are still mostly lacking the necessary
validations (e.g., comfort, structural strength, safety, efficiency,
durability) [18].

Another technology is joint angle measurement from sys-
tems based on surface electromyography (sEMG). These
however suffer from the same problems (e.g., movement
artifacts, crosstalk, need of precise positioning over muscle
groups) and need high computational cost to extrapolate ROM
values from the sEMG signal [19], [20].

Fiber optic-based (FO) systems, on the other hand, are
easily integrated into wearable garments and sensitive to
deformation. Unfortunately, they usually provide only one
degree of freedom of movement detection and need bulkier
lab equipment (e.g., broadband light sources, optical spectrum
analyzer, interrogators) which can impede on-board process-
ing and full wearability. These systems typically use either
Mach–Zender interferometers (MZIs) or fiber Bragg grating
(FBG) [21], [22], [23].

Another option is the electrogoniometers, which provide
an affordable alternative to gold standard systems for ROM
measurement. These sensors detect movement by the mea-
surement of angular displacement related to the change of
resistance or capacitance of the flexible part [1]. Due to their
computational simplicity, lightweight, flexibility-stretchability,
and small dimensions, electrogoniometers can be easily inte-
grated into sensors and actuators ecosystems as more than a
VMC method.

In general, it is important to emphasize that a key aspect
for the validation of these systems is that they will need an
root mean square error (RMSE) lower than 5◦ to be con-
sidered acceptable for clinical evaluations of ROM-affecting
pathologies, with errors <2◦ considered excellent. However,
this threshold may vary depending on the specific case [15],
[24]. For the control of an EMS system, some studies apply
the same acceptability criterion, which should be sufficient to

ensure proper adaptive stimulation [25]. Hence, we propose
a system that incorporates an efficient and easy-to-integrate
design and accuracy within the abovementioned acceptability
ranges. Additionally, the PS has already been successfully
tested in extreme environments, such as space in the Axiom
Ax-3 mission, which concluded on the 9 February 2024, where
it was tested during the 36 h of free flight in the SpaceX Crew
Dragon [9].

III. SYSTEM DESCRIPTION

The custom hardware developed is composed of an elec-
tronic control unit (ECU) that uses a 32-bit microcontroller to
control the EMS by using the ROM data and two SD cards for
continuous storage of the latter. The board can deliver current
pulses to the target muscles with a magnitude of ±50 mA, and
an adjustable frequency of 5–50 Hz with a minimum pulse
duration of 250 µs across six channels. Further details are
reported in [9].

The integrated sensors for ROM measurements are managed
by two IIC buses, one on the right side and one on the
left. This protocol was chosen to expand the number of
measurement nodes without changing the overall architecture
of the system. At this moment, the system does not implement
wireless data transmission; however, this may be implemented
in future to tailor the system to applications differing from
health monitoring in astronauts, where wired data transfer is
preferred. Information is provided through a miniaturized LC
display, and the system is powered by an 18 650 battery, [9].
The dimensions of the ECU are tailored to the specific EMS
application. If used solely for motion detection and ROM
measurement, further miniaturization of the board would have
been feasible.

The proposed electrogoniometry system, integrated into the
abovementioned smart garment, utilizes as a sensor element
a capacitive 2-axis soft flex sensor by Bend Labs which
exhibits linear response in a range between ±105◦. The
sensor has a differential capacitance that varies from circa
−3 to 6 pF and a standard deviation of ±0.25◦ in its linearity
range. Furthermore, it has a repeatability of 0.18◦ and an
average sensitivity of 0.274 pF/◦. While the overall system
accuracy depends on that of the sensor, this parameter will be
evaluated and presented in the following sections. The sensor
calculates the angle at which its tip is bent in relation to its
base. This angle measurement is obtained from a differential
capacitance measurement which is related to its degree of
flexion by a linear relationship. This allows for a very versatile
measurement, requiring only consideration of the orientation
of the aforementioned measurement poles [26]. However,
to accurately relate the sensing element output to a given joint
angle, a specialized structure is required to ensure that the
sensor remains consistently aligned with the joint’s movement
while minimizing orientation divergence as described below.

The sensing element, encased within the structure, is subse-
quently connected to the ECU, where the raw data are stored
and later transferred to a PC for further processing. This
step has been carried out solely for validation purposes by
comparing the data with VMC results.
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Fig. 2. PS composed of three elastic bands for fixture on the limb of
the patient, two rigid bases to be blocked on the distal and proximal part
of the joint, the sensing element encased in a protective box with its
based blocked to the proximal rigid base, the sliding guide that allows
the smooth movement of the tip of the sensor during bending, the angle
selectors used for one-elastic band measurements only.

The raw data consist of the angle in degrees, at which the
sensing element is bent. The relative ROM value is calculated
as the difference between the maximum angle detected by the
system and the zero-position obtained by the calibration proce-
dure, which will be explained in Section IV. Additionally, raw
data are filtered in real time by a ten-sample moving average
filter and a 30 Hz, fourth order, FIR low-pass filter for effective
stabilization of the output and the filtering of unwanted high-
frequency noise.

The low-pass filter cutoff frequency has been chosen based
on the maximum frequency of human motion which is 20 Hz.

The modular rigid structure that houses the sensor (Fig. 2
component 1) has been 3-D-printed in polylactic acid (PLA).

A box (7.40 × 1.86 × 3.30 cm) (Fig. 2 component 2)
is designed to protect, block, and orient the sensor’s base,
fixing it to an adjustable elastic band (Fig. 2 component 3).
This first structure, referred to as the proximal module, also
includes a base that shows a width of 1.05 cm and a length of
6.50 or 13 cm (Fig. 2 component 4). Each base has a number
of evenly spaced cross-shaped holes, enabling the attach-
ment of additional modules and lateral rails for connecting
3-D-printed components. The base length is selected based
on the joint being analyzed, with a longer base allowing for
greater accuracy and comfort on longer joints by providing
more distance between modules (e.g., facilitating placement
on flatter, more stable body surfaces). The lateral rails allow
for mounting the protective box.

The housing for the sensor’s base is connected to the
cross-shaped holes, in addition to either two elastic band
hookups (Fig. 2 component 5) or an angle selector (Fig. 2
component 6) that allows for orientation change with a step
of about 16.35◦. These last two modules may only be useful
when placing the system by hand with the use of elastic bands
to study the possible effects of wrong positioning, and not
when directly integrated into smart garments.

The distal structure is instead designed to be applied to the
moving segment of the joint under analysis to allow for the
guiding of the tip with the movement. This segment shows a
19 cm long base (Fig. 2 component 7), connected to the same
number of hookups or angle selectors. The longer base is used
for movements requiring a greater ROM.

The sliding tip (Fig. 2 component 8) is attached, via the
side rails, to the base and completely blocks the sensor’s tip
and is then closed by a removable sliding lid. The rails are
then blocked at the start of the base to impede the guide from
sliding off, affecting the measure.

Hence, the developed system architecture allows for mea-
surements with the following characteristics.

1) Versatility: The system can function in a much more
complex environment, providing accurate ROM mea-
surements for various joints in both the upper and lower
limbs. During testing, this configuration (i.e., using
elastic bands) allows for a preliminary study of the PS
positioning on the user’s body before the integration in
a sensorized garment.

2) Comfort: The only parts in contact with the skin of the
user are the flexible and adjustable elastic bands, with
the other rigid PLA modules being separated and posi-
tioned parallel to the patient’s limbs or torso. In future,
it could be directly integrated into comfortable and easy-
to-wear smart garments.

3) Fast Response: Because of its low computational
complexity, the system allows for 100 Hz angle measure-
ments without requiring complex or additional filtering
by the microcontroller. This is because the sensing
element output is based on a differential capacitance
measurement, which minimizes the effects of common
mode noise.

4) Low Cost: The system utilizes hardware at much lower
costs than the state-of-the-art goniometry technologies
and 3-D printed elements, achieving high reusability,
also given that the same architecture can be applied to
multiple joints.

5) High Parallelism: The system provides simultaneous
ROM measurements alongside additional functions like
FES.

6) Functionality: The architecture allows for both online
and offline analysis for daily use and long-term periods.

IV. METHODS OF VALIDATION AND PROCESSING

The system has been tested through both dynamic and static
experiments. In the static test, the prototype was mounted
onto a digital goniometer (Parkside IAN 364969_2204) [27]
completely isolating a single DOF eliminating mixed-plane
artifacts [28]. In this in vitro testing session, eight mea-
surements have been taken across a range of 15◦–125◦. The
average error is 0.442◦, and the maximum standard deviation
is 0.419◦. In the second phase, the prototype was worn on the
elbow, and its measured ROM values compared with those
of the same digital goniometer, achieving a total mean error
of 1.401◦ and a maximum standard deviation of 1.850◦ (i.e.,
eight measures from 15◦ to maximum ROM). Dynamic testing
consists of a minute and a half of walking and results in a
measurement of an average ROM of 29.841◦, consistent with
values reported in the literature.

To complete the validation of the whole PS’s performance,
the accuracy has been tested by calculating the ROM of
multiple joints on both the upper and lower limbs (i.e., elbow,
shoulder, hip, knee, and ankle). Given the nature of the tested
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joints, the shoulder, the hip, and the ankle have been tested
for both the flexion-extension (f-e) and adduction-abduction
(ad-ab) movements, taking advantage of the 2 DOF nature of
the PS. Given their nature, both the elbow and the knee have
been tested only for the 1 DOF flexion extension.

By definition, f-e is a movement that causes, respectively,
a decrease or increase in the angle between the distal and
proximal segment of a joint [29].

Ad-ab is defined as a movement that causes, respectively,
a decrease or an increase in the angle between the distal
segment and the midsagittal plane (i.e., plane that cuts the
center of the body in half when viewed from the front) [29].

The PS has been compared in real time to the VMC analysis
of the abovementioned movements.

The VMC analysis utilizes the open-source video analysis
and modeling tool tracker (Open Physics [30] and can acquire
video at 60 fps and a resolution of 1920 × 1080 p.

For this analysis, markers have been placed at anatomical
reference points, following the procedure outlined in [1], with
the minimum ROM considered as the zero point. Four markers
have been used in total: two on the distal and two on the
proximal segment of the joint. The VMC system thus uses a
joint-local coordinate system, because only one DOF has been
recorded at a time for a more precise and in-depth comparison
between the systems.

The electrogoniometry system has been aligned to match the
imaginary lines formed between these markers and has been
calibrated to 0◦ to ensure that only positive values would have
been recorded, simplifying the comparison with VMC data.
The testing procedure consisted of two repetitions with five
seconds of rest in the starting position and 5 s holding at
maximum ROM. For synchronization of the two measuring
systems, an initial movement of circa half a ROM was carried
out with a pause of about 5 s before the two main movement
repetitions. The instant in which the movement started was
thus considered as the synchronization point.

All the movements were carried out while the volunteer was
in a prone position, within the camera’s field of view.

The camera, mounted on a tripod (Fig. 3), has been oriented
with its plane of view perpendicular to the ground via level
and parallel to the wall in front, where two straight markings
have been drawn, which have been used for alignment. The
mattress, where the subject had to lie down, was then posi-
tioned parallel to the same wall. During movement, to maintain
the desired orientation of the limb, clinical procedures have
been followed to isolate as much as possible every DOF of
movement [1], allowing for only the movement in the plane
parallel to the camera to take place. Furthermore, the subject
has been allowed to move only one joint at a time with the
rest of the body posed in a stable position, and an operator
verified if the movement would have been performed at an
acceptable angle to the recording plane.

The volunteer for this validation procedure was of 24 years
of age, male, 1.83 m tall, healthy and in good physical
condition.

An exception to this setup has been made for ankle
adduction-abduction movement, where the volunteer had to
be seated to achieve full ROM. In this case, the volunteer sat

Fig. 3. VMC setup used for the comparison with the PS, where the
subject lies down on a mattress parallel to the wall in shot of the camera
with makers clearly visible.

on a chair positioned with the same precautions applied to the
mattress. The data extracted from both measurement methods
have been then exported to MATLAB for processing. Temporal
alignment has been performed for an effective comparison of
the two datasets.

To validate the PS’s accuracy, the following metrics have
been derived.

1) RMSE, which has been used as a metric of point-to-point
accuracy between the proposed and reference systems.

2) Maximum ROM Difference (MRD), which has been
considered as the difference between the maximum
values measured ROM of the proposed and reference
systems. This is important as this value may clinically
verify the presence of movement-affecting pathologies
by quantifying the maximum possible movement of one
joint.

3) Correlation coefficient, which is the linear dependence
of the two compared signal distributions, has been used
as a measure of similarity.

4) Bland–Altman analysis, which indicates the mean abso-
lute error (MAE) ± 1.96 times the standard deviation
and is a measure of agreement between two measure-
ment systems or techniques indicating bias and the limits
of agreement (LOA).

V. EXPERIMENTAL RESULTS

The results of the comparison between the PS and the
VMC software analysis are summarized in Table I and shown
in Fig. 4, highlighting the performance and reliability of the
system across various movement types.

In general, it has been observed that asperities on the
surfaces of the body may marginally affect the measurements,
and this may have influenced the decrease in correlation in
the adduction-abduction of the ankle joint (i.e., 99%), which
is the lowest measured. The same could be said for the
flexion-extension of the hip.

It can be therefore deduced that the system has been
observed to achieve better results when positioned on flatter
surfaces that are not deformed during the measured movement,
including the belly of muscles like the biceps brachii, or the
quadriceps femoris (mostly for the proximal module), and
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TABLE I
ROM COMPARISON ANALYSIS

Fig. 4. Boxplot of the AE distribution in the ankle for all the carried-out
movements of the tested joints, where low variability of the absolute
error between the synchronized data points from the PS and the VMC
reference. The mean (red line) is close to 0◦ and the standard deviations
(black lines) are all under the range of ±7.5◦.

bony regions like the forearm or the tibia (mostly for the distal
module).

In the case of the knee, the presence of both the quadriceps
femoris and the calf may have contributed to the shifting of the
PS. Furthermore, placing the two modules farther apart caused
a minor detriment in accuracy because the two segments
may pull on each other, causing divergence from the desired
measuring orientation.

From the captured video, it has been possible to notice
that these last two points are what may have influenced
the slight loss in accuracy observed in the knee flexion-
extension movement, where higher RMSE and MRD values

have been observed. Such is the case of the shoulder horizontal
flexion-extension movement where the proximal module has
been placed on the pectoral of the subject and the distal on the
biceps brachii. All the aforementioned sources of error may
vary in significance depending on the tested joint, as each
has a distinct anatomy. However, their overall impact on the
results has been minimal. For example, during the f-e of the
ankle, a fairer surface has been encountered and resulted in
lower errors than the same movement measured on the hip.
To achieve even better results than the ones already presented
in the manuscript, these problems would need to be addressed.
Differently for what has been seen for surface asperities,
different characteristics in skin-sensor contact that may affect
measures in other technologies, causing the relative movement
of the sensor in relation to the bone [31], are not impacting on
the PS. This is because the utilized sensing element is inde-
pendent of the path undertaken by its flexible part, minimizing
any errors caused by skin-bone relative movements, as long
as the base and the tip are properly fixed to the limb.

In future, the development of more adaptable calibration
procedures could actively compensate for the effects of surface
asperities. The boxplot of the AE distribution values for all
the tested joints and carried-out movements can be observed
in Fig. 4, where the measured AEs demonstrate very low vari-
ability, complementing the results already shown in Table I.

Overall, the PS achieved optimal results, demonstrating
excellent precision in detecting the user’s movements. Of all
the observed results, of particular interest are the flexion
extension of the ankle joint where the lowest RMSE and MRD
have been observed and the shoulder adduction-abduction
movement that achieved the highest recorded correlation of
99.9%. Hence, the system’s ability to accurately capture and
interpret motion data highlights its effectiveness in various
applications.

These findings stress the robustness of the system, rein-
forcing its potential for reliable use in applications where
precise movement tracking is crucial. The strong results from
this evaluation suggest that the system can reliably meet user
demands for high-fidelity motion detection.

Table II reports the comparison between our findings with
the state of the art by using the same metrics.

All the values have been averaged between the results over
all the joints to allow for a more direct comparison, and the
standard deviations reflect the metrics’variability between the
joints. For the Bland–Altman analysis, the standard deviation
is calculated as the mean, across all joints, of those shown in
Table I. However, since not all metrics are reported in every
article, we included those that have been explicitly provided
or those that we have been able to derive from the available
results.

Furthermore, we added the following metrics for
comparison.

1) Modularity (i.e., systems that are composed of inter-
changeable pieces and can be adapted to different joints
are considered modular).

2) Edge computing (i.e., complete wearability is achieved
when there is no need for external computation: full on-
board processing).
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TABLE II
RELATED WORKS COMPARISON (DESIGN AND RESULTS)

3) Computational cost (i.e., systems that obtained ROM
values in real time, with low latencies and without
relying on external computational platforms).

4) Test type, either dynamic or static (i.e., a test is con-
sidered dynamic if a comparison between the trend of
the movement captured with the proposed and reference
system can be traced; else it is considered static).

5) Joint under analysis (i.e., the joint on which the PS has
been tested).

6) Degrees of freedom or detectable movements.
As it is possible to observe, from the gathered literature

data, although most systems are modular in nature, they don’t
include on-board processing (i.e., edge computing), which
limits applicability outside of laboratory use.

Additionally, some of the systems also presented limits
regarding the latencies of the measurement, making use of
high computational cost algorithms that will also limit their
applicability for real-time ROM measurement and control of

actuators (e.g., intelligent EMS, robotics). Some works also
validated their systems with only a static analysis, which
makes it impossible to evaluate if it would capture a movement
in its entirety, allowing for a correct reproduction. Moreover,
most of the related works only validated their function on one
joint and for only 1 DOF movement detection.

In terms of raw quantitative metrics, we may observe that
our system achieves a mean RMSE comparable to those of
the related systems, with a much lower MAE and the second-
highest correlation. From the Bland–Altman analysis, it can
also be gathered that the PS has very high agreement with the
measurements of the reference system.

Hence, from this analysis, the capabilities of the PS are
highlighted, not only for its accuracy and agreement with
the reference system but also for its ability to be used on
multiple joints with low latencies and the possibility of on-
board processing, making it adaptable to different subjects and
environments.
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VI. CONCLUSION

The proposed wearable electrogoniometry system has
demonstrated highly promising performance, achieving RMSE
values lower than 4◦ and MRD values below 2.5◦ across
all tested joints. MAE values are all inferior to 2.4◦ with
LOAs under 7.5◦, as gathered from the Bland–Altman
analysis. Furthermore, the correlation between the PS
and the VMC software has been consistently 99% or
higher, ensuring optimal capture of the wearer’s move-
ments. These results confirm the system’s potential not
only as a control mechanism but also as a precise clinical
tool.

The PS’s measurement capabilities also fall in the already
mentioned range of acceptability for clinical ROM measures
and EMS systems’control (i.e., RMSE < 5◦). The system’s
easy integration into more complex environments (such as
intelligent EMS systems, prosthetic controls, telemedicine
platforms, and IoT networks), without adding unnecessary
complexity, underscores its versatility. The system also enables
3-D reconstruction of the user’s movements, providing a
valuable tool for motion tracking and analysis. This capability
lends itself to a variety of applications, including rehabilita-
tion, exercise monitoring, and astronaut training. It enables
medical personnel to accurately assess movement quality,
optimize exercise protocols—both on Earth and in micro-
gravity conditions—and prevent injuries caused by improper
execution.

Direct integration of the whole system in wearable garments
will also be explored to allow for even quicker dress-on, dress-
off times of the electrogoniometer. This may also heighten
the accuracy and repeatability of the measures by adding
anatomical reference points on the sensorized clothes to allow
for more precise positioning of both the proximal and distal
modules.

Future developments will aim to extend the system to wrist
and hand joints, enabling a more complete musculoskeletal
analysis. To achieve this step, challenges would need to be
faced, especially those associated with the PS miniaturization
and to the more complex positioning analysis that would
need to be carried out to effectively measure ROM values
without impeding movement. This is because of the higher
concentration of joints and degrees of freedom, especially
when considering the fingers. Implementing data fusion from
multiple joints to generate aggregated metrics for enhanced
movement evaluation also represents an interesting future
development. Additionally, the usage of the PS’s motion
tracking capability in conjunction with machine learning for
movement recognition may also be explored. The PS will
also be tested, given the possibility, on elderly and physi-
cally impaired individuals to help with generalization of the
results, also allowing to consider for participant diversity and
anatomical variance which is currently a limitation of our
work.
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