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Signal Processing and Feature Extraction in
Markerless Telerehabilitation

Silvana G. Dellepiane , Member, IEEE, Federica Ferraro , Camilla Baffigo , and Marina Simonini

Abstract— Telerehabilitation solutions are a concrete
answer to many needs in the healthcare framework since
they enable remote support for patients and foster continu-
ity of care. This paper explores telerehabilitation using the
ReMoVES system, a markerless approach that facilitates
remote exercise guidance. Focusing on the sit-to-stand
(STS) task, which is crucial for daily activities, this study
employs the Microsoft Kinect sensor for human move-
ment monitoring. Emphasizing preprocessing and analysis,
the research extracts reliable parameters, enabling remote
observation and evaluation of patient performance. This
study highlights the importance of noise reduction and
automatic segmentation for feature extraction, which are
essential for assessing task execution and identifying
compensatory movements. By utilizing a diverse healthy
subject group, a reference model is established, pro-
viding optimal features for accurate exercise execution.
Statistical analyses involving both healthy subjects and
patients revealed key features for remote exercise obser-
vation. Automatic feature extraction related to poses and
body movements, together with homogeneity within control
group sessions, forms the basis for a quantitative paramet-
ric model. This model describes and compares accurate
exercise execution, offering a method to remotely evaluate
and adapt individual rehabilitation plans on the basis of
robust and reliable parameters.

Index Terms— Telerehabilitation, markerless motion cap-
ture (MMC) sensor, skeletal joint detection, nonlinear signal
processing.

I. INTRODUCTION

IN a telerehabilitation context, the patient is provided with
systems capable of remotely giving indications on the
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prescribed exercises while medical professionals can remotely
observe the activity performed. An example of this approach
is the markerless/contactless ReMoVES system [1], which is
capable of acquiring a large amount of data and signals from
which the skeletal joints of the patient’s body are estimated
and information of clinical interest is extracted. Based on
Microsoft Kinect technology [2], ReMoVES offers specific
exergames that encourage high repetition, provide guidance
to the patient, and can be adapted to the needs of the indi-
vidual rehabilitation plan. Through exergames, the automatic
synchronization of the acquired signals is made possible
while fully respecting the patient’s time. The multidisciplinary
rehabilitation team develops individualized prescriptions for
patients, consisting of a detailed list and an exercise schedule.
The system allows clinicians to monitor patient activities
asynchronously. One major advantage of this user-friendly
system is its ability to capture a high volume of data over
time, particularly through repeated movements. This wealth
of data allows for the extraction of significant and reliable
features, supporting the evaluation of a patient’s performance
and progress. The large dataset is especially valuable for
conditions requiring repetitive exercises, where movement
accuracy and consistency are essential for successful rehabili-
tation. The present work aims to prove that a remote evaluation
of patient activity is possible through a set of appropriate
features capable of describing the correct execution model with
good reliability and sufficient accuracy. The ability to safely
rise from a chair is considered a fundamental prerequisite for
activities of daily living (ADL) and may be severely impaired
in poststroke individuals and frail older adults. Rehabilitation
guidelines suggest repeated practice, mentally or physically,
of sit-to-stand (STS) tasks [3]. Such rehabilitation interven-
tions can be effective in improving STS performance, body
symmetry, and the ability to stand independently. While much
of the literature has focused on filtering RGB and depth videos
from the Kinect, fewer studies have addressed the filtering of
skeletal joint signals. Although noise affecting Kinect signals
can arise from various sources, such as jitter, flickering, and
missing samples, the existing literature primarily discusses
only the smoothing of jitter effects. In this paper, we shift our
focus to missing samples, alongside the issue of smoothing,
providing a formal description that considers both additive and
multiplicative noise. The proposed filtering method comprises
a two-stage process involving interpolation and smoothing.
Such preprocessing and analysis of the acquired signals are
prerequisites for subsequent feature extraction. On the basis of
the underlying signal model, after reducing the noise effects,
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automatic segmentation of the most relevant signal portions
is proposed to arrive at the possibility of extracting robust
and reliable parameters. A data engineering process is then
proposed to assess the statistical significance of available fea-
tures for evaluating the accurate execution of the required task,
detecting any potential compensatory movements and assess-
ing the overall functionality level. To construct a reference
model and identify features that most effectively characterize
exercise performance quality, a sample of healthy subjects with
diverse characteristics (age, sex, physical condition, etc.) was
utilized. Despite the sample’s heterogeneity, a model describ-
ing correct execution performance was established on the basis
of the optimal features exhibiting substantial homogeneity.
Using this control group along with a group of frail elderly
individuals and a group of poststroke patients, various statis-
tical analyses of signals and key indicators were conducted
to pinpoint the most relevant features for remote observation
of exercise execution and discrimination. Several features
referring to significant patient poses and movements have been
considered, and their automatic extraction has been suggested
through appropriate preprocessing, segmentation, and suitable
similarity metrics. The reliability and significance of these fea-
tures have been investigated by proposing strategies to reduce
signal noise, minimize errors by leveraging signal redundancy,
and examine homogeneity within the control group. However,
we also assessed the relationships and correlations between
features, tested for significant differences between the control
and patient groups and quantitatively evaluated compensatory
movements. The identified homogeneity in the control group
sessions provides a foundation for establishing a quantita-
tive parametric model to describe and compare the accurate
execution of a given exercise. Finally, the robustness of the
extracted features was evaluated through statistical compar-
isons and effect size calculations, which demonstrated their
ability to capture relevant distinctions across groups. Clinical
interpretability was also assessed, ensuring that the features
aligned with expected physiological differences between pop-
ulations, reinforcing their practical relevance in a clinical
context.

II. STATE OF THE ART

Despite the ongoing debate over the definition of the term
“exergame” [4], we use it here to describe video games
designed to promote physical exercise and support rehabilita-
tion practices. As already highlighted in the 2015 Canadian
Stroke Best Practice Recommendations [5], virtual reality,
including both immersive and nonimmersive technologies such
as gaming devices, can serve as an adjunct to traditional
rehabilitation therapies, offering additional opportunities for
engagement, feedback, repetition, intensity, and task-oriented
training. After the key aspects of the STS exercise are outlined,
this section II provides a review of previous works in similar
applications. Finally, the most recent technologies used in
rehabilitation, along with the ReMoVES system, are briefly
introduced in subsections II-B and II-C.

A. Sit-to-Stand
The sit-to-stand exercise stands out as a foundational

element in rehabilitation, acknowledged for its efficacy in
assessing lower limb strength and functioning as a targeted
strength-reinforcing task [6]. Its significance spans fall risk
evaluation [7], poststroke assessments, and insights into postu-
ral control. The STS exercise demonstrates adaptability across
diverse patient categories, including individuals with hemi-
paresis, with attention to nuanced compensatory movements.
Previous research has highlighted the clinical relevance of var-
ious parameters during STS, including the transition count [8],
trunk and tibia flexion angles [9], and the detection of erro-
neous movements. The execution of the exercise by healthy
individuals serves as a benchmark, revealing deviations in
poststroke subjects and providing valuable diagnostic indica-
tors [10]. Integration of technology facilitates the development
of exergames tailored to guide and engage patients in correct
execution of the sit-to-stand and stand-to-sit transitions. Two
STS protocols exist: the 30-s STS protocol, which consists of
standing and sitting as many times as possible in a period of
30 seconds, and the 5-time STS protocol, which requires five
complete STS cycles to be performed in the shortest amount
of time. Here, the 30-s STS protocol is considered [11],
and sessions for a group of healthy subjects, frail elderly
individuals, and poststroke individuals are described.

B. Rehabilitation: Enabling Technologies
Rehabilitation is undergoing a transformative shift, mov-

ing beyond traditional methods to embrace technology-driven
solutions. Motion capture, performance assessment, and range
of motion (ROM) measurements have greatly benefited from
new technologies that enhance traditional therapy and assess-
ments, offering advanced capabilities beyond conventional
instruments. Compared to traditional supervision by rehabil-
itation physicians, motion capture systems provide distinct
advantages, including precise joint angle sequences, motion
visualization, remote rehabilitation capabilities, and access to
large databases for data analysis. Motion capture systems
are primarily categorized into optical-based and inertia-based
sensors [12]. Inertial measurement units (IMUs) consist of
a gyroscope, an accelerometer, and a magnetometer, which
together allow the determination of the orientation of the rigid
body to which the sensor is attached. Thanks to the low-cost,
portability, energy-efficiency, and wireless transmission, they
are ideal for use as wearable devices in rehabilitation applica-
tions. Section I of the Supplementary File presents a concise
overview of these latest technologies, with a particular focus
on the most promising solutions for future home rehabilitation
support, particularly inertia-based sensors and optical systems.
According to [13], from among optical-based systems, the
markerless motion capture (MMC) technology has particularly
gained prominence in rehabilitation because of its cost-
effectiveness, efficiency, and patient-friendly nature [14]. The
portability and low-cost attributes of these systems contribute
to obtaining kinematic data during sit-to-stand transitions,
offering a basis for precise and quantitative assessments of
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functional parameters even in home-based settings. To provide
a comparison with other MMC technologies, we start from the
systematic review reported in [15], which examined 65 studies
on the use of such a technology for clinical measurement
in rehabilitation. A detailed description is provided in the
Supplementary Files, Section I-B, focusing on the research’s
purpose of detecting differences in movement patterns between
well-executed and poorly executed exercises. The extensive
and effective use of Kinect within our area of interest is
supported by the aforementioned review as well as a broader
examination of the research literature.

C. ReMoVES
As anticipated at the beginning of this section, virtual reality

adds significant value in the rehabilitation context, where
specific exercises can be delivered to the patient without the
presence of a physiotherapist. Video game consoles can simul-
taneously provide movement instructions, create an interactive
environment, and monitor patient movements. Therefore, they
are the preferred technology, even compared with video cam-
eras and smartphones. One of the first works based on the
Microsoft Kinect device dates back to 2011 [16] for bal-
ance training. Compared with other similar technologies (e.g.,
Nintendo Wii [17]), Microsoft Kinect is also a contactless
system, as it does not require the use of remote controllers.
Rehabilitation studies using Kinect have focused on poststroke
and recovery [18], Parkinson’s disease assessment [19], and
orthopedic rehabilitation [20]. Kinect-based exergames have
significant applications in assistive technologies for elderly
individuals, including fall risk reduction [21], improving phys-
ical performance, and reversing the deterioration process in
frail and prefrail elderly people.

In the current paper, the delivery of exercises and indications
to the patient are provided by the ReMoVES IoT system
(numip.it/removes), which is largely described in [1]. Designed
to integrate with traditional rehabilitation, ReMoVES oper-
ates during periods without therapist-guided activity, enabling
information collection and access from various locations. The
ReMoVES IoT system features a server-client architecture
comprising four traditional system layers: the sensor, network,
server, and application layers. These layers are detailed in
the Supplementary File, Section II. The Equilibrium Paint
exergame, delivered by ReMoVES, considers the 30-s STS
activity described in Section II-A, providing both assessment
and muscular strengthening benefits. Since ReMoVES is based
on the Kinect_v2 video game console and sensor, which
acquires the patient’s activities without the need for markers
or invasive video cameras, its accuracy, ease of use, and
cost-effectiveness are closely related to the considerations
discussed previously. Only the depth data that allow the
spatial tracking of the human body and the identification of
25 joints via Microsoft proprietary software are exploited.
By developing game-based rehabilitation tools that are tailored
to the therapy goals of different patient categories, it is
possible to provide clinicians with meaningful performance
data [22]. With respect to the evaluation of the Kinect depth
sensor accuracy, several studies have described the error as
a function of the distance of one object from the camera.

Ref. [23] reported a comparison between the former genera-
tion, Kinect_v1, Kinect_v2, and the more recent Kinect-Azure,
showing depth errors on the order of a few millimeters. With
reference to the error in estimating the position of the joints,
the most exhaustive study was reported in [24], where the
authors reported the measured difference between Kinect_v2
and the video-based Qualisys motion capture system. Other
studies [25], which compared the Kinect system with the
Vicon system, confirmed that the measurement accuracy was
better in the mediolateral axis than in the vertical and frontal
axes. Some joints (i.e., ankles and hips) have larger errors
than others. Although the measurements obtained in the exper-
imental sessions reported in the present work seem to suggest
a lower error, as discussed in subsection VI-B, some values
from [24] will be reported with the aim of describing the
improvements obtained by the present approach.

III. HUMAN POSE AND MOVEMENT ANALYSIS

The signals that are able to describe patient movements are
introduced hereinafter, along with a brief description of noise
that usually affects such acquisitions. The main features that
can be extracted from the acquired signals are then defined.
The Kinect_v2 sensor utilizes time-of-flight (ToF) technology,
recognized as the standard for understanding human motion.
A detailed description of the Kinect_v2 sensor, with particular
emphasis on its human capture function is given in Supple-
mentary Files, Section I-C.

A. Kinect Joint Signals
A stochastic (or random) process is a correspondence that

associates a temporal function with each possible result of an
experiment. Each repetition of the experiment (i.e., a trial)
gives rise to one of the process realizations. The 3D signal
referring to the j − th joint acquired in space (x, y, z) by the
Kinect’s infrared depth sensor is as follows:

{v j (t)} =

{x j (t)}
{y j (t)}
{z j (t)}

 (1)

with j ∈ {1, . . . , 25}. More precisely, this is a digital signal
{v j (t)} = {v j (kTs)}, with sampling frequency fs = 30[H z]
and Ts = 0.03[s]. Starting from these basic joint signals,
other useful signals can be obtained for kinematic analysis
of a person’s movements. For example, displacements and
trajectories in 3D space, on a plane, or along an axis, as well
as speed, acceleration, etc., can be instantly measured. The
distance, speed and acceleration of each point or set of points
can be studied in the same way. From the 3D coordinates,
any angle can also be measured. A temporal feature signal
ψ(t) can then be measured and studied, which can be one
of the basic signals or any derived measures. Assuming that
the subject is in a given postural state 0, some characteristics
of interest can be observed. Accordingly, we define a resting
state, Rβ , and a specific motion, Mα , to indicate specific
resting positions or certain motions during which we can
extract features. In the former case, one can refer to Instant
Features, i.e., ψ(t)|Rβ , and in the latter case, to Dynamic
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Features, i.e., ψ(t)|Mα . Given a random process, the analysis
of the statistical properties of any order is meaningful only
if the stationarity property is verified. In a complex pattern
like the one depicted in a signal representing human move-
ment, stationarity holds only if the signal is conditioned to a
specific rest or dynamic state. For the subsequent definition
of signals and noise models, it is therefore necessary to
define some working conditions, which are also fundamental
in the subsequent signal processing and analysis phases. The
three components of the signal {v j (t)} are independent, and
their mean power, under the stationarity hypothesis, is S2

i j .
For instance, along the i axis, the mean power of joint j
conditioned to a generic state 0 is S2

i j |0 = E{v2
i j (t)|0}.

Stationarity is also a precondition for verifying the ergodicity
property that allows the use of a temporal mean operator in
place of statistically expected values. Through an analytical
reconstruction process, markerless sensors are able to produce
3D signals for a series of points of the human body that do not
necessarily belong to the external surface but refer to a skeletal
representation. The mediolateral (ML) axis x is positive to
the right of the user; y is the vertical (VT) axis, positive
upward; and z is the anterior–posterior (AP) axis, positive from
front to back of the user. The major signal noise sources in
real applications are classical additive noise and multiplicative
noise, as described in Equation 2 for the j − th joint acquired
by a generic sensor as an example:

{v j (t)} = {vi j (t)} = {(vB j (t)+ n j (t))} · {m j (t)} (2)

where v j (t) is the acquired signal, vB j (t) is the noise-free sig-
nal, n j (t)) is the additive noise and m j (t) is the multiplicative
noise used to describe jitter and nonlinearities. Noise affecting
the Kinect signals is described in Section IV-C.

B. Kinect Noise Filtering
Kinect_v2 uses a machine learning approach, specifically a

random forest classifier trained on a large dataset of human
poses, to estimate 3D skeletal points from depth camera
data. Common noise effects that challenge skeletal tracking
include jitter, flickering, and missing samples. Jitter causes
small, rapid oscillations in joint positions due to sensor
noise or classification errors, resulting in shaky and unstable
motion. Flickering involves noticeable jumps in joint positions,
often caused by occlusion or inconsistencies in the classi-
fier, leading to erratic motion. Missing samples occur when
joint data are lost for certain frames, causing gaps in the
skeletal data, making tracking incomplete or discontinuous,
with joints disappearing and reappearing intermittently. The
primary focus of studies published on filtering Kinect signals
is to reduce jitter and smooth skeletal movement data. In [26],
moving average, high-pass, and Kalman filters were evaluated
for enhancing movement visualizations while ensuring their
validity for physiotherapeutic assessments. Reference [27] pre-
sented a general overview of approaches for optimizing motion
capture systems other than Kinect and discussed filtering meth-
ods. Excluding deep learning, which requires large training
databases, in addition to the above filters, Savitzky–Golay and
one-euro filters are used. In general, the Kalman filter, which

is commonly used for marker-based and IMU-based systems,
is especially useful for real-time filtering. The Savitzky–Golay
filter applies local polynomial fitting, whereas the one-euro
filter adjusts its cutoff frequency on the basis of signal velocity.
These filters are simpler and less resource intensive than deep
learning methods but require expert tuning, and their perfor-
mance can vary. Indeed, in the absence of training sets with
ground-truth gold standards, the evaluation relies on visual
observation and the minimization of basic intrinsic parameters
such as the mean absolute error, lacking external validation.
This highlights that optimizing motion filtering remains a
key research challenge. According to Winter [28], angular
kinematic signals are generally characterized as low-frequency
signals contaminated with high-frequency noise, which must
be filtered using a 2nd- or 4th-order Butterworth low-pass
filter. The ideal cutoff frequency should be determined through
residual analysis, with the relevant spectral range for gait sig-
nals being below 6 Hz, whereas for running, it is below 25 Hz.
The motor tasks of lateral trunk inclination, trunk rotation,
and shoulder abduction, performed during heading, skiing, and
goalkeeper Kinect games, were analyzed in [29]. Owing to
a residual analysis based on Fourier analysis and empirical
mode decomposition (EMD), the artifacts contaminating the
kinematic signals collected with the Kinect have spectral
characteristics of white noise. The ideal cutoff frequencies
are between 3 and 5 Hz, which are lower than those used
in previous studies, i.e., between 6 and 8 Hz [24], [30], [31].

C. The Features
The ReMoVES system captures data and signals from

each game session, including meta-features like the game
name, start and end times, final score, and additional game
parameters to support efficient database querying. Beyond
patient prescriptions and other meta-features not addressed in
this study [32], the primary features analyzed here include
kinematic instant features and dynamic features. An automatic
signal segmentation step is proposed, as described in the next
subsection, which automatically detects the start and end times
of each repetition of the basic STS movement. After this
automatic localization of the instantaneous time referring to
some specific positions of the subject, the precise measurement
of each joint constitutes the instant features that allow one to
understand the posture and compare it with the posture indi-
cated by the medical staff through the exergame. Obviously,
in the STS, the two main instant features are related to standing
and sitting positions. In particular, angles extracted from joint
positions are of clinical interest. Dynamic features describe
the kinematic movement that the subjects performed and refer
to the ROM in a given period of interest, the actual temporal
displacement of the joints, or the change in angles during a
specific movement. The base features are the joint positions
at an instant point, which are directly accessible by the signal
punctual value. Even though coordinates in 3D space are
available for each joint at a given time, their position on only
one axis or anatomical plane is often of interest. For instance,
in the current case, the vertical axis is of major importance.
Starting from base features, the most relevant derived feature
extracted by processing and combining the acquired signals is
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the distance between joints and instantaneous angles. As an
example, the difference between the j and k joint positions
on the i axis is defined as 1i(t) = vi j (t)− vik(t). Angles are
computed by applying the absolute or relative angle formula,
depending on the specific analysis. An absolute angle of a
body segment linking two joints j and k in a given body
plane is measured with respect to one of the axes by using the
arctangent formula. As an example, the trunk flexion angle (in
the sagittal plane) is defined here as the absolute angle of the
trunk segment with respect to the antero–posterior axis in the
body frontal direction and can then be measured as:

θF A−trunk = arctan
(
1y

−1z

)
= arctan

(
yS P S − yS P B

zS P B − zS P S

)
(3)

where SPS and SPB are the spine–shoulder and spine–base
joints, respectively. The negative sign takes into account that
the z axis points in the backward AP direction instead of the
frontal AP direction. After the angle error is analyzed in detail,
a better way of measuring the angle is suggested to reduce the
measurement error. The internal angle at the knee is calculated
as a relative angle because it corresponds to an articulation
between three joints. The formula used is as follows:

θknee = arctan
(

∥h × a∥

h · a

)
(4)

where h and a are the knee–hip and knee–ankle vectors,
respectively. Starting from the portions of signals related to
a given movement, additional dynamic features are extracted.
For example, the speed of a joint in space, its trajectory,
the ROM of displacements or angles, and the instantaneous
variations of a feature during a movement can be derived from
the base signals.

1) Feature Standard Error: For each joint signal, the root-
mean-square error (RMSE) is the instantaneous measurement
error of the ideal signal, i.e., vBi j (t), compared with the
acquired signal vi j (t) and is defined as:

ϵvi j =

√
ϵ2
vi j

=

√
E{(vi j (t)− vBi j (t))2}, (5)

ϵi j for the sake of brevity.
The error of the derived features follows the well-known

error propagation rule. For the difference 1i , the mean square
error is ϵ2

1i = ϵ2
vi j

+ ϵ2
vik
. By recalling the absolute angle

formula in Equation 3, the angle MSE is then:

ϵ2
θ =

ϵ2
1i

1l2 +
ϵ2
1l ·1i2

1l4 =
ϵ2
1i + ϵ2

1l · tan2(θ)

1l2 (6)

where 1l = L ·cos(θ), given that L is the segment length. As a
consequence, the angle standard error depends on the error of
the measured joints difference and on the magnitude of 1l.
In particular, the error becomes large when 1l is small, which
is also the case with angles close to +/− π/2. In addition,
as one can expect, a smaller error is found when dealing
with long body segments than when dealing with short ones.
In conclusion, for angles in the interval π/4 < |θ | < 3π/4,
the error quickly diverges, and the arccotangent formula is
proposed here instead of the arctangent formula in these cases

to preserve small errors. As a consequence, the following
approach is applied:

θ

(
1i
1l

)
=


arctan

(
1i
1l

)
|1l| > |1i |

arcotan
(
1l
1i

)
|1i | > |1l|

(7)

With respect to error evaluation, when a feature is measured,
the possibility of having independent repeated measurements
allows for a better estimation. In descriptive statistics, the
sample mean is the optimal estimate of the central tendency
in such cases. The sample mean of N repetitions reduces the
square error by a factor equal to N . The standard error is thus
reduced by a factor equal to

√
N .

IV. MATERIALS AND METHODS

A. Dataset
The present work is a retrospective study conducted in

collaboration with the Local Health Authority ASL3, Sistema
Sanitario Regione Liguria, Italy, specifically with Struttura
Complessa di Recupero e Rieducazione Funzionale (SCRRF),
directed by Marina Simonini. The study involved patients
from La Colletta Hospital in Genoa, healthy subjects from the
DITEN department and the same hospital, elderly residents
in nursing homes affiliated with ASL3, and patients who
underwent telerehabilitation at home. This research study
was conducted following the principles of the Declaration of
Helsinki and the approval of the Institutional Scientific Board
and the Regional Ethical Committee (study ID 10109 - n.
338, November 25th, 2019). Written informed consent was
obtained from the participants before the study began. This
work presents a feasibility study to evaluate the possible
use of ReMoVES for STS exercises in various real-world
scenarios, including rehabilitation centers, retirement homes,
and patients’ homes. A control group is used to study the
meaningfulness and reliability of the features of interest, which
will later serve as a reference when working with poststroke
and elderly subjects. The control group consisted of sixteen
healthy subjects. The participants included 9 females and
7 males aged between 27 and 61 years, with an average
age of 38.62 ± 12.95 years. Some of them performed the
STS exergame several times, for a total of 26 sessions. Two
poststroke patients (i.e., Group A) learned to use the system
while hospitalized at La Colletta Hospital and then continued
using it for an extended period at home. Thanks to its user
friendliness, in both cases, no technical intervention was
necessary for the installation, which was carried out by the
patient and his family. During that time, a total of 65 sessions
were recorded for the STS activity. The remote observation
allowed the therapist to evaluate the activity carried out and
suggest specific indications for a more correct execution. One
patient was a 62-year-old man who performed the prescribed
exercises for upper and lower limbs for a period of 39 days.
A total of 24 sessions of STS activity were executed. This
patient was evaluated in previous studies for his performance
during upper limb rehabilitation exercises, as reported in [33].
The second patient was a 79-year-old man who underwent
many rehabilitation activities using ReMoVES for 49 days,
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completing a total of 41 STS sessions. Group B consists of
twenty frail elderly individuals with diverse clinical profiles,
including various pathologies and differing levels of disease
severity. Some reside in nursing homes in Genoa. A number
of them participated in the Rotary Club District 2032 (Liguria
and Lower Piedmont, Italy) service project, “Digital Medicine
for Prevention and Care.” Several members of the group have
experienced fractures and orthopedic issues, particularly in
the lower limbs. The group comprised eight females and
twelve males, with an average age of 82.5 ± 3.4 years. These
individuals also performed the STS multiple times, for a total
of 34 sessions. In conclusion, 125 sessions are analyzed in
total in the present work.

B. Virtual Joint
Since many rehabilitation activities, such as the STS

exercise, primarily involve vertical movement of the body,
we propose introducing a virtual point representing a sort of
center of gravity for a synthetic and better analysis of the
signals. Taking the right and left hips (i.e., RHP and LHP
joints, respectively) together with the spine middle joint (i.e.,
SPM joint), the so-called “center of mass (CoM)” virtual joint
is defined as:

vCoM =

 xS P M +xRH P+xL H P
3yS P M +yRH P+yL H P
3zS P M +zRH P+zL H P
3

 (8)

Owing to this definition, two advantages are gained: improved
evaluation of the actual center of gravity and a notable
reduction in error, due to the independence of the original
joints. We find that the error affecting the CoM i−axis is in
fact:

ϵ2
iCoM

=
ϵ2

iS P M
+ ϵ2

iRH P
+ ϵ2

iL H P

9
(9)

which reduces the original error.

C. Kinect Noise Models
The additive and multiplicative noise of the Kinect have

been analyzed empirically, and the following conclusions can
be drawn, which are also based on the SoA [34]. Referring
to Equation 2, the additive term {n j (t)} = {ni j (t)} represents
the jitter, which is recognized as an independent disturbance
added to the original signal. This noise is characterized by a
white spectrum, as anticipated above. As a consequence, it is
a zero-mean 3-component vector signal for each joint j . The
covariance matrix defined as:

6n jk (i, l) = E{n j (t) · nk(t)T } = E{ni j (t) · nlk(t)} ∀i, l, j, k

(10)

is null for each j ̸= k, and is diagonal, but its elements are
not necessarily equal as in the case of independent, identically
distributed (i.i.d.) noise. In fact, ∀ joints j and ∀ axis i, l,
it does not necessarily hold that 6n j j (i, i) = 6n j j (l, l). In
addition, 6n j j (i, i) is the variance and noise signal mean
power at one time, σ 2

ni j
. On the basis of a statistical analysis

of the Kinect signal, as is also reported in the literature, a loss

of the signal at the sensor is experienced, which randomly
occurs at some independent instant times and can be modeled
as multiplicative noise. A good statistical model refers to
an unmodulated Poisson process made of ideal Dirac pulses
occurring at Poisson random time instants tm’s with a rate
governed by the Poisson density λ. This process is provided
directly as input to a filter whose response is a rectangular
pulse of random length q . The output {w(t)} is then a temporal
sequence of randomly placed rectangles of unitary amplitude
and random length. The loss of signal samples occurring at the
generic axis i of the joint j is then the multiplicative model:
{mi j (t)} = {1 − w(t)}.

In conclusion, this noise clearly becomes a binary stationary
process, with P0 = P{m(t) = 0} = P{w(t) = 1}.

D. Signal Standard Error
From Equation 1 and 2, it follows that the signal is

{vi j (t)} =

{
{vBi j (t)+ ni j (t)} {mi j (t)} = 1
0 {mi j (t)} = 0

(11)

As a consequence, the mean square error (MSE) due to only
Gaussian noise is ϵ2

i j |{mi j (t) = 1} = E{ni j (t)2} = σ 2
ni j

and the MSE in the case of only multiplicative noise is
ϵ2

i j |{mi j (t) = 0} = E{vBi j (t)2} = S2
i j .

Finally, applying the total probability theorem, the total
error is ϵ2

i j = ϵ2
T OT = P0 · S2

i j + P1 · σ 2
ni j

.

E. Signal Analysis
Before feature extraction and analysis, a preprocessing

denoising step is executed, followed by a temporal signal
segmentation step, as described in the next subsections.

1) Noise Filtering: As anticipated in section III-B, the issue
of missing samples, which causes gaps in the skeletal signals
and can be modeled as multiplicative noise, must be addressed
before the actual smoothing phase. Therefore, a two-stage
preprocessing approach for the joint signals is proposed. The
approach first reduces multiplicative noise and then mitigates
the jitter effects, modeled as additive noise. As described in
subsection IV-C, when samples are missed, runs of zeros
appear in the joint signal. These zero-runs cannot be elimi-
nated without risking a loss of synchronization between the
signals and the user’s actions. Consequently, the preliminary
action in the preprocessing step is the detection of these zero-
runs, taking into account that their length corresponds to the
previously described random variable, q whose expected value
ranges from 5 to 8. A cubic spline curve is then fitted using
the available non-zero samples to recover the missing portions
of the signal, ensuring smooth and continuous transitions in
the data. After that, in accordance with the considerations
discussed in Section III-B, a low-pass filter is applied to
smooth the signal and reduce the jitter effects. A second-
order Butterworth filter is employed as a good compromise for
reducing noise. Higher-order filters have steeper transitions in
the frequency response but may introduce phase shifts, which
could affect the synchronization between the various joint
signal components. Given the specific movements analyzed,
the cutoff frequency was set at 2 Hz. After the preprocessing
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phase, taking into account multiplicative noise removal and
disregarding the noise reduction by the linear filter, one can
estimate that the error is reduced to ϵ2

i j F = P1 · σ 2
ni j

. The
expected improvement is reflected in the error reduction factor:

ϵ2
i j F

ϵ2
i j

=
P1

1 + P0 · (SN R − 1)
(12)

where the SNR is the signal-to-noise ratio defined as SN R =
S2

i j
σ 2

ni j
. Notably, the error decreased more consistently in the case

of a large SNR and large P0 values.
2) Signal Segmentation: Rehabilitation movements are typ-

ically repetitive, leading to acquired signals that show a certain
level of pseudoperiodicity. Movements can be composed
of two or more elementary actions or phases, includ-
ing flexion–extension, adduction–abduction, or transitions
between standing and sitting. As a consequence, to ensure
a reliable analysis, conducting a signal segmentation phase
is crucial. This phase concentrates on stationary segments of
the signal that correspond to a homogeneous state, referred
to as 0. The segmentation process results in breaking down
complex movements into their elementary actions and must
be specifically tailored for each exergame, depending on the
required movements and the relevant joints involved. The
execution of a generic movement Mα gives rise to a realization
of the stocastic process associated with the given experimental
trial. The multidimensional random process {Mα, j (t)} is thus
generated. As seen previously, through ReMoVES, it is possi-
ble to recover the current game parameters even if the training
sessions are started asynchronously at the most convenient
time for the patient. Clinicians can easily retrieve the start
time of a training session along with events that depend on
the patient’s performance. This information is also composed
of multidimensional signals that are acquired synchronously
with the signals described above. Since the different trigger
events refer to different movements that the patient performs
following the indications of the system, this information has
the task of identifying the specific instant in which the specific
movement should start (for example, α, β, or others). Guided
by the pseudorepetitiveness of the movements, the segmenta-
tion process is then devoted to detecting the trigger events
observed, which are closely related to the exergame under
analysis. In this way, the anticipated movements could be of
a different kind, namely, {Wα(t)} and {Wβ(t)}, respectively,
representing the expected signal that should be observed in the
correct execution of the movement. As seen above, the com-
pletion of sit-to-stand and stand-to-sit movements is verified by
analyzing the vertical displacement of the user body through
the analysis of the virtual CoM joint defined in Equation 8. The
identification of the activation times corresponding to reaching
the standing and sitting positions is then based on the vertical
speed of the CoM, computed with the discrete incremental
ratio. When the person is standing or sitting, the vertical speed
is approximately zero; when the person executes the sit-to-
stand transition, the speed increases, whereas when the person
sits down, the speed is negative. The local maxima and minima
of the center of mass are then identified as the zero-crossings
of the CoM speed, as shown in Figure 1. Zero crossings with

Fig. 1. Zero-crossing of the vertical CoM speed.

positive derivatives correspond to the start time of the UP
transition, and zero crossings with negative derivatives are at
the start of the DOWN transition, as shown with stars. All the
available signals can subsequently be automatically split into
a UP phase (i.e., MU P ) and a DOWN phase (i.e., MDOW N ) so
that features can be computed separately with respect to these
basic movements. In such a way, the number of repetitions
each subject performs during a game session is automatically
extracted (NSU feature).

F. Clinically Relevant Features
According to the literature, as described in [13], various

parameters related to UP and DOWN transition performance
have been identified as potentially meaningful in explain-
ing certain disabilities and impairments when evaluating
chair-related tests in real clinical settings. The transition
duration is the most commonly used metric, along with the
vertical linear velocity. High-fall-risk individuals and frail
subjects exhibit longer and more variable transition durations.
Given that the duration of the STS exergame in ReMoVES
is fixed, we evaluate the number of repetitions completed in
30 seconds. We analyze the time required to complete the UP
and DOWN transitions and, consequently, the velocity, which
is inversely proportional. Other kinematic parameters have also
been highlighted in the literature as potential indicators of
movement impairments or disabilities. In particular, the trunk
tilt range has been shown to distinguish between various levels
of frailty. To this end, we have thoroughly analyzed trunk
flexion and mediolateral tilt not only in the sitting and standing
positions but also during movement. Additional angles related
to potential compensatory movements are also evaluated. Ref-
erence [9] provided a comprehensive description of the sagittal
trunk, hip, knee, and ankle joint ROM, as well as the AP
and ML COM displacement during STS exercises, comparing
elderly individuals at high risk of falling to others. During
the sit-to-stand transition, older fallers presented increased
trunk joint ROM in the flexion and extension phases, reduced
hip joint ROM in the extension phase, and a greater ML
COM shift. During the stand-to-sit transition, they exhibited
increased trunk ROM in the flexion phase, reduced hip and
knee ROM in the flexion phase, and, again, a greater ML COM
displacement. Fallers also took longer to perform stand-to-sit
movements, demonstrating more body sway and different joint
ROM distributions than nonfallers did. Overall, fallers had
more difficulty with stand-to-sit transitions and struggled to
control ML motion. On the basis of this rationale, in addition
to analyzing the trunk flexion angle in the sitting and standing
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positions, the angles and range of motion during the UP and
DOWN transitions are also considered, along with the ML tilt
throughout the entire movement. Shoulder angles also indicate
deviations from a correct vertical and straight posture dur-
ing exercise, representing a clinically relevant parameter and
suggesting potential compensatory movements. Knee angles
are used to evaluate correct posture in both sitting and stand-
ing positions, as well as their correlation during transitions,
to assess symmetrical movement. Finally, to segment the
complex transition movements into elementary components,
the trunk angle is analyzed throughout the movements, and
similarities between repeated movements are measured using
the dynamic time warping (DTW) feature [35].

G. Feature Extraction
Referring to the trunk flexion angle defined in Equation 3

and on the basis of the considerations that lead to Equation 7,
we observe that when the user is in a vertical position,
θF A−trunk is approximately π/2; therefore, the measure
applies the arccotangent in place of the arctangent. Taking into
account that 1z is null in the vertical position and |1z| = |1y|

at a maximum theoretical flexion of π/4, the square error is

ϵ2
θF A−trunk =


ϵ2
1z

1y2 at vertical position

ϵ2
1z + ϵ2

1y

1y2 at theoretical maximum flexion

(13)

Other angles depicting the deviation with respect to the
required vertical or horizontal directions are also computed
in terms of the absolute angles. For example, compensatory
movements are observed through lateral body angles or shoul-
der rotations. The angle of the trunk in the frontal plane with
respect to the vertical axis takes into account lateral deflection
during movement and is computed as:

θL AT −trunk = θ

(
xS P S − xS P B

yS P S − yS P B

)
(14)

The shoulder angle in the frontal plane with respect to the
horizontal line takes into account the inclination of the line
joining the right and left shoulders (RS and LS):

θH−shoulder = θ

(
yRS − yL S

xRS − xL S

)
(15)

The shoulder twist angle (forward and backward) takes into
account the AP displacement of the shoulders:

θT W−shoulder = θ

(
zL S − zRS

xRS − xL S

)
(16)

1) Instant Features: The main clinically relevant features
at rest positions are the angles, specifically the knee angles
and the torso (or trunk) angles. In the standing position, the
knee angles ψ1R = {θRK |Rstand}, ψ1L = {θL K |Rstand}

and upper body angle ψ3 = {θF A−trunk |Rstand} are defined
and should correspond in the ideal case to the maximum
extension. At the sitting position, the knee angles, i.e., ψ2R =

{θRK |Rsi t }, ψ2L = {θL K |Rsi t } should be at a minimum

value, thus reflecting good flexion. The sitting trunk angle
ψ4 is expected to be large. The feature ψ0 is the stand-up
repetition count in the given exergame session (NSU). Owing
to the N repetitions found in a session related to N indepen-
dent measurements at each rest position, the standard error
associated with these features is in fact reduced by a factor of
1/

√
(N ).

2) Dynamic Analysis: Dynamic features are related to com-
plex or single movements Mα from where one can extract the
following:

1) Joint displacement along the axes,
2) Angle variations,
3) ROM in terms of the angle variation,
4) Trajectory of single joints,
5) Movement patterns,
6) Phase durations.

The analysis of a dynamic feature becomes essential for
evaluating the quality of an elementary movement Mα , such
as flexion, abduction, etc., and can only be performed using
the above-described temporal segmentation of the signals.
Referring to the segmented UP and DOWN transitions
described in Section IV-E2, the maximum AP displacement
of the trunk, or equivalently, the minimum trunk angles
during the ascending and descending phases, explains
the flexion required for correct execution of the whole
movement and is of outmost clinical relevance. Then,
the flexion trunk ROM UP phase and the flexion trunk
angle UP phase are equal to ψ5 = max{−1z|MU P } and
ψ5θ = min{θF A−trunk |MU P }, and similarly for the DOWN
phase, they are represented by ψ6 and ψ6θ . Features related
to undesired compensatory movements are easily evaluated
through the ROM computed both as displacement and
angle variations. The feature ψ7 describes the mediolateral
inclination of the trunk (ML trunk ROM), which, in principle,
must be avoided during both standing and sitting movements
to maintain the vertical position: ψ7 = RO M{θL AT −trunk} =

max{max{θL AT −trunk |MU P }, max{θL AT −trunk |MDOW N }}.
The features ψ8 and ψ9 represent the rotation of the
shoulder axis compared with the horizontal required position
and the shoulder rotation in the axial plane, respectively:
ψ8 = RO M(θH−shoulder ), ψ9 = RO M(θT W−shoulder ). The
average ascending time and descending time give rise to
the features ψ10 and ψ11, respectively. The feature ψ14 is
the correlation coefficient of the right and left knee signals.

3) Dynamic Time Warping: As explained above, a cost
is calculated that quantifies how the repeated movements
are dissimilar, with a low DTW value suggesting greater
similarity. Owing to its clinical relevance, the frontal trunk
flexion pattern is considered for the UP and DOWN phases:
WU Ptrunk(t) = {θF A−trunk(t)|MU P } and WDOW Ntrunk(t) =

{θF A−trunk(t)|MDOW N }. The features ψ12 and ψ13 are
obtained as the average of the DTW distance measured during
a session.

H. Feature Reliability and Meaningfulness
The control group described in Section IV-A was taken into

account to assess the reliability of the proposed approach. The
following steps have been planned and executed:
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TABLE I
FEATURE VALUES FOR CONTROL AND PATIENT GROUPS

• homogeneity of the control group for each feature (inter-
rater reliability);

• homogeneity of feature values extracted at the repeti-
tions within a single game session (test–retest reliability,
intrarater reliability);

• correlation analysis for symmetrical joints in symmetrical
movements;

• similarity of movement patterns among repetitions of a
single session (test–retest);

• similarity of movements for different sessions.
On the basis of the control group and patients, each
proposed feature is then analyzed with the aim of under-
standing its significance and potential applicability. Finally, in
Section VI-B, a discussion of feature error is given.

V. RESULTS

The results presented refer to the above-described groups of
healthy subjects (26 sessions), stroke patients (65 sessions),
and elderly individuals (34 sessions), totaling 125 sessions.
The features extracted and analyzed for the considered groups
are the ones described above, from ψ0 to ψ14 and reported
in Table I. Each feature is measured from the joint signals
as described in Subsection IV-G. Except for the ROM and
minimum values, the values extracted from several repetitions
are averaged to reduce the error. The first subsection (i.e.,
V-A) outlines the approach used to demonstrate the robustness
and meaningfulness of the automatically extracted features
over extended periods, which may be useful for monitoring
patient evolution. Subsection V-B provides a description of
the features related to the control group of healthy subjects,
serving as a reference for the correct execution of the STS
exercise. Subsection V-C, while detailing the features acquired
during the stroke and elderly patient sessions, initiates a
discussion of robustness across groups, which will be further
elaborated upon in the Discussion section.

A. Reliability and Meaningfulness
Given the small sample size, data normality was assessed

via the Shapiro–Wilk test [36]. For all the parameters com-
puted from the control group sessions, the results of the
test confirmed the acceptance of the normality condition

(p > 0.01). In contrast, the test rejected the normality hypoth-
esis for most of the parameters, with p < 0.001, for both
groups of stroke patients and elderly individuals, with a few
exceptions. The flexion knee angles were normal for both
groups, the extension and flexion trunk angles were normal
for the elderly group, and the shoulder twist angle was normal
for the stroke group. In healthy subjects, the correlation
between the instantaneous angles of the right and left knees
was taken as an index of feature consistency. The correlation
coefficient (Pearson) evaluated for the control group was found
to be equal to ρ = 0.9988, confirming the strong robustness
of the feature, as one might have expected from the above
considerations of the measurement error. Surprisingly, when
the same correlation index was computed for the other groups,
we found ρ = 0.9732 and ρ = 0.9960 for the stroke
patients and elderly patients, respectively. One explanation is
that the patients considered, despite their age or the outcome
of neurological events, have a high degree of autonomy and
are in good physical condition. Since normality is not always
true, with the purpose of discussing significant differences
between the groups, the nonparametric Mann–Whitney U-test
for independent samples was applied. For all tests, the null
hypothesis H0 assumes that the patient’s value of a given
parameter does not differ from that of the control group.
Depending on the parameter considered, three different alter-
native hypotheses H1 were defined, referring to one-sided
or two-sided tests. With respect to intrarater reliability, the
similarity of movement patterns among repetitions of a single
session was evaluated for the control group through the
variance of the DTW values obtained by single repetitions
within a session.

B. Control Group Characterization
1) Feature Analysis: After the segmentation step described

in Section IV-E2, for each game session, the values of the
instant features of interest (knee angles and trunk angles, ψ1,
ψ2, ψ3, and ψ4) were calculated for each single repetition, and
then the values were averaged over the number of repetitions
(i.e., ψ0 = NSU). The same holds for duration times ψ10
and ψ11. However, in the movements of the trunk, the ROM
and minimum values are computed for ψ5 and ψ6. The
same holds for the trunk and shoulder movements, which are
considered to account for compensatory motions that should
remain at low values for the entire duration of the session. The
values extracted are summarized in Table I, together with the
computed standard deviations (STDs). As reported in previous
works, the number of repetitions in the 30-s STS [24] mainly
depends on age for healthy subjects, in addition to physical
prowess, reaction times, etc. Figure 2 shows the instantaneous
knee angle for both the right (blue line) and left (red line) limbs
during one session performed by one of the healthy subjects.
The standing position requires the legs to be fully extended
(at the peaks of the angle signal), and in fact, they reach an
average of about 173◦ at the point of the standing position,
indicated by the green cross, as detected through the previously
described CoM analysis. When the person is seated, this angle
is varying between 80◦ and 90◦ (indicated by the orange
crosses during sitting times). We can observe that healthy
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Fig. 2. Instantaneous knee angle during a healthy subject session. The
red line represents the left limb, and the blue line represents the right
limb. The green crosses represent standing positions, and the orange
crosses represent sitting positions.

subjects present a near-neutral trunk position in the frontal
plane, with a small lateral tilt, which is measured on the order
of 5◦. The subject is also required to preserve shoulders in
the frontal plane, i.e., without twisting or inclinations. Indeed,
in the control group, the degree of shoulder displacement in the
sagittal and transverse planes was very small, indicating good
control of the standing and sitting movements, which were
performed without any compensation. In the healthy group, the
pattern of the antero-posterior trunk angle was fairly regular.
When the subject is in the seated position.

The trunk angle is approximately 90◦; when the subject is
in the standing position, the trunk angle is observed to be
slightly larger, as reported for feature ψ3 in Table I. During
the ascent and descent phases, the flexion of the trunk causes
these angles to decrease to approximately 70◦

−80◦. In both the
ascending and descending phases, the movements show strong
repetitiveness, both in relative measures and absolute values.
The DTW mean values for the control group are reported
in Table I and are always smaller than 4.5 for both the UP
and DOWN phases. As an important outcome of this analysis,
we can define the empirical description of the correct execution
of the movement required by the exergame. The feature values
computed as the average of the control group are the reference
model to be used for comparison with other subjects and
patients. It is possible to monitor the activity of patients and
evaluate whether a person is correctly performing the required
movement, their deviations, etc. Such a possible application is
described in the following paragraph with respect to Groups A
and B. As a general comment, one can observe from Table I
that the standard error in the angle features of the control
group is always smaller than 10.8, which accounts for both
subjects variability and measurement error. A discussion about
the RMSE of such features is given in Section VI.

C. Patient Analysis
The Mann–Whitney U-test is applied for each feature. The

null hypothesis H0 is that the patient’s value does not differ
from that of the control group, where the mean value is
taken as a reference: X patient = µcontrol . The test is repeated
for each feature for Group A (stroke patients) and Group B
(elderly individuals).

1) Number of Repetitions: As described in Subsection IV-F,
we expect both patient groups to exhibit a smaller and more
variable number of transitions than the control group. The
observed mean repetition values (i.e., NSU, ψ0) are 8.42 for

healthy individuals, 8.71 for stroke patients, and 4.03 for
elderly individuals. A statistical test revealed a significant
difference between the control group and Group B of frail
elderly people, with p < 0.001, indicating a greater risk of
falls, as suggested in [11]. In contrast, the value for the stroke
group did not differ significantly from that of the healthy
subjects (with a p value of 0.553) and was even greater.
However, when evaluating the expected larger variation in
this feature among the groups, as measured by the coefficient
of variation (i.e., standard deviation divided by the mean),
we find significant differences, with 25%, 32%, and 48% for
healthy individuals, stroke patients, and elderly individuals,
respectively.

2) Ascending and Descending Times: Considering the time
to stand up and the time to sit (ψ10 and ψ11), stroke patients
behave like healthy subjects. However, for elderly people,
there appears to be a significant difference, with p < 0.001.
Table I also shows that the standing times are generally shorter
than the sitting times in all the groups.

3) Knee Angles: For the majority of patients, the flexion and
extension angles of the legs are comparable with respect to
those of healthy subjects. The minimum p-value is 0.059 for
stroke patients, who tend to have less extended legs when
standing, as shown in Table I (the ψ1 features).

4) Antero-Posterior Trunk Motion: From Table I, the features
ψ3 and ψ4 show how patients tend to show similar trunk
extension angles when standing and sitting, unlike healthy
people, who extend their torso more when standing. Compared
with the control group, when the trunk angle during the
seated rest position was considered, there were no significant
differences between the two groups. In contrast, the trunk
flexion angle in the standing position was partially significant
in Group A (p − value = 0.003) and more significant
(p−value < 0.001) in Group B, as explained by the common
posture of elderly and stroke patients reported in the literature.

5) Dynamic Features: When analyzing dynamic features,
the movements during the ascending and descending tran-
sitions of a single session are examined for the patients,
as previously conducted for the control group. As shown in
Table I by the features ψ5 and ψ6, elderly patients tend to
flex the trunk more during the ascent and descent phases,
as described in Subsection IV-F, to help movement and com-
pensate for lower limb weakness (the absolute trunk angle with
respect to the horizontal plane is approximately 64 degrees).
Our stroke patients generally follow a pattern quite similar to
that of healthy subjects; in contrast, frail elderly people usually
perform fewer repetitions, and their movements deviate signif-
icantly from the standard. In Section III of the Supplementary
File, figures illustrating examples of trunk flexion angles
during ascending and descending transitions are presented.

6) Shoulder and Lateral Trunk Movements: While healthy
subjects present a near-neutral trunk position in the frontal
plane, poststroke subjects show a trunk tilt toward the less
affected side during STS when rising from a chair using
spontaneous foot positions [37]. This trunk shift was also
observed before leaving the seat in [38] and [39] and was
estimated to be 12.1◦

±6.1, whereas it was 2.4◦ in healthy
subjects [40]. As described in Section II-A, a lateral tilt
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TABLE II
MANN–WHITNEY p − values FOR THE ELDERLY AND STROKE PATIENT

GROUPS AND COHEN’S d EFFECT SIZE

of the trunk is usually observed in poststroke subjects. The
value of ψ7θ observed here is approximately 11◦, which is
much larger than that observed in the control group (i.e.,
5.58◦). Even greater trunk displacement was observed for older
adults (i.e., 13.4◦). Table I shows that the patients showed
significant differences in shoulder alignment throughout the
entire duration of the exercise. Finally, we can conclude that
the patients’ impairments, due to both poststroke outcomes
and frailty or orthopedic problems, create difficulties that
are compensated with an asymmetric movement, resulting in
twisting and rotation of the shoulders.

VI. DISCUSSION
The current feasibility study is small scale and focuses

primarily on assessing the practicality and potential challenges
of using ReMoVES for future clinical trials rather than testing
the effectiveness of the intervention itself, an aspect that
has already been demonstrated by previous research. The
study does not aim to evaluate therapeutic outcomes but
instead monitors the execution of exercises and movement
patterns, particularly aiming to predict remotely whether each
execution is good or poor. In the following subsections, effect
size and error evaluation are discussed in relation to the
proposed method and features, and their adequacy is assessed.
A discussion on sample size is reported in the Supplementary
File, section IV. These concepts are crucial for ensuring
that the study’s findings are robust and not compromised by
an inadequate sample size or poor error management. The
final subsections explore aspects of practical applicability and
relevance, as well as future perspectives, with a particular
focus on non-clinical settings.

A. Effect Size
The effect size was assessed by measuring Cohen’s d

as reported in Table II and taking into account the related
meaning as established by Sawilowsky [41] (i.e., very small
for d close to 0.01; small for d close to 0.2; medium for
d close to 0.5; large for d near 0.8; very large for d close
to 1.2; and huge for d equal to or greater than 2). With
respect to the elderly group, one can observe a huge effect
for the number of repetitions, a large effect for shoulder
twist, and a very large effect for both the UP and DOWN

times and all trunk angle features (except for the sitting trunk
angle, which is not significant with a p value of 0.116),
as one might expect on the basis of the previous discussion in
Subsection IV-F. A medium-level effect is associated with the
horizontal shoulder angle. With respect to the stroke group,
a very large effect is observed for shoulder twist, a large
effect is observed for the ML trunk displacement angle, and
a medium effect is observed for the standing trunk angle and
horizontal shoulder angle.

B. Error Evaluation
As described in Section IV-E1, nonlinear filtering allows

a reduction in the error at each joint tracking, as defined
in Equation 12. Considering that the temporal density of the
Poisson points in the time unit is equal to λ, by construction,
we find that P0 = λ · E{q} = λ · q. The reasonable values
for λ are on the order of 1 in a thousand; for the random
variable q , the typical expected value ranges from 5 to 8.
As a consequence, the following discussion takes into account
P0 values in the range of 0.001–0.01, with special cases of
P0 being equal to 0.001, 0.005, and 0.008. With respect to
the CoM error, some considerations can be made on the basis
of previous works in the literature, which give error estimates
for joint measurements. According to Table II of [24], if we
take the difference between Kinect and Qualisys as a rough,
conservative estimate of the Kinect error, the RMSE values
reported for the hips and spine middle range from 1.67 to
6.23 cm, which are smaller in the mediolateral axis and larger
in the antero-posterior axis (z-axis of the left hip). The mean
value is 2.56 for the x-axis, 4.07 for y and 4.67 for z. Our
proposal of using the virtual CoM joint reduces the RMSE to
1.53, 2.43, and 2.78, respectively, which is a 40% reduction.
A further reduction is obtained with the proposed nonlinear
filtering procedure. In the most conservative case of an SNR
equal to 10 dB, the CoM joint coordinates are reduced by a
further 0.5% in the case of P0 equal to 0.001, by 2.5% when
P0 is 0.005, and by 3.8% when P0 is 0.008. The final error is
always smaller than 2.8 cm. To discuss the errors associated
with angle measurements, let us take the trunk flexion angle
as an example. Table II in [24] also reports the errors of the
spinal base and shoulder joints. The RMSE of these joints
is also reduced. The error associated with 1l is reduced as
described in Section III-C1, and the estimated error of the
angles is reduced accordingly. As expected, the maximum
error occurs for angles close to π/4 and is strongly reduced
in the case of large L values. For a comparison with the state-
of-the-art numbers, in the work cited in [24], the error angles
for the knee range from 5◦ to 22◦ (Table 4), and the average
errors in the STS range from 22.7◦ to 33.1◦ (Table 5). Here,
as seen above (III-C1), owing to the N repetitions found in a
session related to N independent measurements, the standard
error associated with these features is further reduced by a
factor of 1/

√
(N ). One finally achieves 50% of the error of

the single take in the case of 4 repetitions and 35% of the error
in the case of 8 repetitions. The CoM error is always smaller
than 1.4 cm, and the angle errors are always smaller than
6 degrees.
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C. Non-Clinical Setting
In a home rehabilitation setting, identifying when a patient

is executing an exercise incorrectly (for example, repeating a
movement too many times without completing the full motion
or introducing compensatory movements) can trigger an alert
to the therapist team, who can then provide guidance for better
execution. In addition to observing the executed activities in
comparison to the weekly prescription plan, this observation
through the Therapist Client helps the multidisciplinary reha-
bilitation team adapt the Individual Rehabilitation Plan.
Indeed, rather than expecting immediate improvements in
patient functionality, a key contribution for clinical assessment
may lie in the long-term monitoring of patient performance.
For instance, after discharge from the hospital, it is com-
mon to observe a decline in the functionalities regained
during the rehabilitation period. Monitoring patient behavior
in such cases is crucial for helping maintain the re-acquired
functionalities. To enable real-world deployment, the system
must address practical challenges related to its usability in
non-clinical settings, such as home environments, while also
meeting the specifications required for CE marking of Class I
medical devices. Firstly, in addition to a printed handbook,
short instructional videos are provided to explain the system’s
usage, gameplay instructions, and overall functionality to the
patient and their caregiver. This approach takes into account
that the system interface is highly intuitive and user-friendly,
requiring no expertise in technology. Home environments often
face unreliable internet connections or lack Wi-Fi infrastruc-
ture, which can disrupt data transmission. To address this,
the system implements a local buffering mechanism that
temporarily stores data during connectivity issues and synchro-
nizes it with remote servers once the connection is restored.
Additionally, the system allows the patient or caregiver to
use a smartphone with a mobile network as a transmission
link, with a simple procedure that starts automatically after
the game sessions are completed. Remote technical support
is offered via video or phone calls, with assistance available
within 24 hours.

D. Future Works
As described in [42], the ReMoVES platform is designed

to integrate various technologies, including touchscreen inter-
faces for cognitive exergames and Leap Motion for hand
exercises. It was originally developed to incorporate also
biophysical sensors, such as the Microsoft Band, which was
used at that time. As sensor technology continues to advance
rapidly, the open IoT architecture is designed to integrate
new sensors at the Application Layer. We have conducted
several feasibility studies using the ReMoVES system, focus-
ing on different patient groups. For instance, [32] describes
the STORMS project, which targets patients with Multiple
Sclerosis, while [43] reports its use with pediatric patients,
demonstrating the system’s potential for managing these
conditions. Additionally, a preliminary study on Systemic
Sclerosis patients utilized Leap Motion for hand pathol-
ogy, showcasing its flexibility in integrating different sensors
for specific rehabilitation needs [44]. In terms of telehealth

infrastructure, telehealth hubs are designed to centralize and
manage remote healthcare data, offering tools for real-time
patient monitoring, alerts, and integration with various remote
systems. These hubs provide dashboards and interfaces that
facilitate monitoring, ensuring continuity of care and effective
remote healthcare delivery. In this context, the ReMoVES
platform, with its IoT architecture, shows great potential for
scalability, particularly in telerehabilitation. The authors aim
to extend the system’s application to home-based rehabilitation
and nursing homes, supporting traditional therapies and remote
assessments. The initiative aligns with the PNRR/M6 Health
Mission, particularly Component M6C1, which focuses on
proximity Community Health Centers [45]. A potential future
application of Azure Kinect, briefly outlined in the Supplemen-
tary File, may reduce reliance on specialized sensors like Leap
Motion for hand and finger movement analysis. Furthermore,
even in controlled environments, the sensor can partially
mitigate lighting and occlusion issues that may arise. Given the
related advantages and drawbacks, integrating additional sen-
sors, such as IMU, EMG, or wearable accelerometers, could
enhance the system’s robustness and utility. The combination
of IMU and Kinect, in particular, could be highly beneficial for
achieving drift-free and smooth tracking, capturing finer com-
pensatory movements, and analyzing smaller joint activities.
Indeed, practical challenges must be addressed to ensure ease
of setup and functionality for home-based use, including issues
with sensor positioning, recalibration due to changes in device
attachment, and potential time delays during the initialization
or calibration phase.

VII. CONCLUSION

In this study, we explored the application of a markerless
telerehabilitation system, ReMoVES, which focuses on the
sit-to-stand task, to perform multidimensional signal pro-
cessing during telerehabilitation sessions, with an emphasis
on preprocessing and analysis to extract reliable parameters
for remote patient observation. The discussion of the error
evaluation highlighted the effectiveness of nonlinear filtering
in reducing errors at each signal instant. The proposed method
demonstrated significant reductions in the error for various
signal-to-noise ratio values, providing valuable insights into
noise reduction and its impact on telerehabilitation accuracy.
The control group characterization provided a comprehensive
analysis of feature distribution, with an empirical description
of correct movement execution during telerehabilitation. This
reference model enables the monitoring of patient activities,
facilitating the identification of deviations and assisting in per-
sonalized rehabilitation plans. Even though the current work
is a feasibility study, it has also demonstrated the statistical
robustness of features within groups. Additionally, a key out-
come is the good robustness observed across groups, with the
features behaving as expected from a clinical perspective when
comparing healthy to frail individuals. In conclusion, this study
provides valuable insights into telerehabilitation, presenting a
robust methodology that serves as a foundation for the ongoing
research in anomaly detection, which is briefly contextual-
ized in the Supplementary File. The established reference
model provides a basis for patient monitoring and protocol
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development, advancing the field toward more personalized
and effective telerehabilitation interventions. The ReMoVES
platform (featuring the original games described in [46] and
the extended set from the STORMS version [32]) has been
autonomously installed in the homes of nine patients for a pilot
feasibility study on telerehabilitation. The goal was to perform
exercises under remote monitoring for at least three weeks.
Except for three patients who discontinued follow-up due to
clinical reasons, the installation and use of the system were
perceived as simple and highly satisfactory. The home setting
closely resembles the clinical environment, where a common
room or dining area is often utilized, and no significant
differences in functionalities or patient performance have been
observed. In addition to clinical applications, the growing
interest in MMC technology for tracking human movement has
driven the development of cost-effective commodity systems.
They estimate key body points using statistical methods and
AI-based software. 3D systems, such as Microsoft’s Kinect,
Orbbec’s Astra Mini [47], and Intel’s RealSense [48], use
both a video camera and an infrared depth sensor and enable
movement assessments in uncontrolled environments, such as
homes or outdoor settings. They also facilitate the collection of
larger datasets on patient health or athlete performance, allow-
ing for better tracking of progress after exercise or treatment.
Technological advancements in both hardware and software
are expected to further expand the reach and effectiveness of
rehabilitation tools, making them more accessible and efficient.
In conclusion, with the goal of continuing to use simple tech-
nology to keep development costs low and enhance potential
applicability in real-world environments, the integration of
additional sensors, such as inertial sensors, into the system
offers significant potential. Further improvements could be
achieved through the use of new off-the-shelf products recently
introduced to the market. One notable example is the Femto
camera, which combines Azure Kinect’s ToF technology with
Orbbec’s video analysis capabilities [49]. Finally, a promising
advancement in research focused on anomaly detection, while
also addressing privacy concerns and ensuring adaptability to
diverse patient populations, can come from machine learning
and deep learning techniques.
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