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Markerless Video-Based Gait Analysis in People
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Abstract— Gait analysis plays a crucial role in assessing
mobility impairments and monitoring disease progression
in individuals with Multiple Sclerosis (MS). Markerless,
video-based methods offer a non-invasive, practical alter-
native to traditional marker-based systems, making them
particularly suitable for clinical applications. This study
employs a markerless video-based approach to extract
spatio-temporal and kinematic parameters from 25 individ-
uals with MS and 25 age- and sex-matched unimpaired
controls. The MS cohort was divided into two subgroups
based on the Expanded Disability Status Scale (EDSS):
“high” disability (EDSS ≥ 3) and “low” disability (EDSS <
3). Both normal and tandem gait patterns were evalu-
ated. In normal gait, significant spatio-temporal and joint
kinematic differences were observed between the high
EDSS group and unimpaired controls, while the low EDSS
group exhibited no notable deviations. In contrast, tandem
gait analysis revealed significant differences in heel-to-toe
distance between the low EDSS group and unimpaired con-
trols, highlighting subtle changes that were undetectable
in normal gait. These findings underscore the potential of
video-based methods to enhance disease monitoring and
guide targeted rehabilitation strategies in MS.
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I. INTRODUCTION

GAIT analysis is a critical tool in the field of medicine
and rehabilitation, enabling healthcare professionals to

evaluate and monitor motion patterns in individuals with
various conditions, including Multiple Sclerosis (MS) [9].
Multiple Sclerosis is a chronic neurological disease that affects
the central nervous system, leading to impaired motor function
and gait abnormalities [16]. Therefore, analyzing gait in people
with MS is important to understand the impact of the disease
on their mobility and to design appropriate rehabilitation
interventions [32], [33].

Traditionally, gait analysis has relied on marker-based
motion capture systems, which are considered the gold stan-
dard for accurate tracking of human motion [6]. However,
these systems present limitations [3], [10]. Firstly, they
require attaching multiple markers to the body, which can be
time-consuming and inconvenient, especially for people with
impairments. Moreover, the presence of markers may affect
the naturalness of their movement [18], [21]. Additionally,
marker-based systems are expensive and necessitate trained
personnel to apply the markers correctly and process the data,
making the analysis dependent on operators and resource-
intensive. In fact, the accuracy of marker-based systems is
highly dependent on the correct placement of markers, and
any misplacement can lead to erroneous results. Furthermore,
modifying the marker setup post-recording (e.g., repositioning
markers or adding new ones) is not feasible, limiting the
flexibility of data collection and analysis.

Wearable sensors, e.g., Inertial Measurement Units (IMUs),
have been explored as a more affordable and non-invasive
alternative and their potential has been demonstrated in ana-
lyzing gait in people with MS [23], [35]. However, wearable
sensors still require direct contact with the body, which
can limit comfort and introduce potential interference from
objects [13]. Furthermore, choosing the optimal locations on
the body to place the sensors is challenging [8], [24]. Video-
based motion analysis offers a compelling alternative [4], [5],
[11], [19], [30], eliminating the need for physical contact while
enabling the acquisition of not only the motion itself but also
the context in which the action occurs. These systems can also
be fully automated, minimizing reliance on skilled operators
and streamlining the data analysis process.
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Human pose estimation algorithms, based on computer
vision and deep neural networks, have shown significant
progress in the last years [37]. These advancements have
opened up possibilities for employing efficient methods to
extract information from RGB video data for analyzing human
motion, including gait analysis in clinical applications [4], [5],
[11], [19], [30]. However, only in recent years quantitative
studies have been performed to compare the information
extracted from multi-views video-based markerless techniques
with the gold standard marker-based systems, particularly con-
cerning meaningful kinematic variables and spatio-temporal
parameters of human gait [19], [30]. These studies presented
the potential of markerless techniques with respect to gold
standard motion capture system, highlighting the possibility to
adopt these systems in clinical settings. Unfortunately, these
methods have been assessed mainly with unimpaired partic-
ipants, and, to the best of our knowledge, no attempts have
been done to verify their potential for early detection of gait
changes in individuals with MS. Therefore, in this manuscript,
we leveraged a video-based approach [19] to extract quantita-
tive information of the gait of 25 people with MS and 25 age
and sex matched unimpaired controls. The algorithm utilizes
RGB video data acquired from three viewpoints and calibra-
tion parameters to compute 3D keypoints positions. Then,
this information is exploited to extract spatio-temporal and
kinematic gait parameters. In a previous study, this pipeline
was evaluated on unimpaired individuals and compared against
a gold-standard marker-based system [19]. This previous work
demonstrated that the three-camera markerless setup could
reliably capture both joint kinematics and spatiotemporal
parameters in unimpaired adults, with sufficient accuracy
for clinical and research applications. Building upon these
results, the present study investigate whether our video-based
approach could distinguish between different populations in
a real-world hospital environment, where gait was recorded
during routine neurological visits without requiring additional
preparation or specialized personnel for marker placement.
Thus, we leveraged the above-mentioned markerless video-
based gait analysis pipeline to examine gait patterns in
individuals with multiple sclerosis (MS), focusing on two
types of gait: normal walking and tandem gait. Tandem gait
was included based on evidence from prior studies highlighting
its utility in the early detection of balance impairments in
individuals with MS [2], [17]. MS participants were divided
into two groups based on their Expanded Disability Status
Scale (EDSS) scores: a high EDSS group (E DSS ≥ 3) and
a low EDSS group (E DSS < 3). The primary aim of the
study was to assess the effectiveness of video-based analysis
in detecting gait deficits in MS during routine neurological
visits, considering different EDSS scores.

II. MATERIAL AND METHODS

A. Participants
We prospectively collected gait data from 25 participants

diagnosed with MS according to MC Donald criteria 2017
[31] (19 females, 6 males, mean age ± standard deviation:
40 ± 10, mean disease duration ± standard deviation: 10 ±

7.5 years, median EDSS [minimum, maximum]: 2 [1, 6]).

Inclusion criteria included Expanded Disability Status Scale
score (EDSS) ≤ 6 and adequate vision, with correction using
glasses if necessary. Of the 25 participants with MS, 3 used
an assistive device to walk during the experimental trials,
as they regularly rely on such devices in their daily activities.
To evaluate our pipeline’s ability to detect different levels of
impairments, we divided the dataset into two groups based
on the EDSS score, following clinical guidelines and setting
the threshold to 3. An EDSS score of ≥ 3 indicates moderate
disability, while an EDSS < 3 corresponds to no or minimal
disability. A similar approach was taken in [27], which set
the threshold to 3.5. This choice allowed us to create two
groups with a similar number of participants. The high EDSS
group (E DSS ≥ 3) was composed of 11 people (10 females,
1 males, mean age ± standard deviation: 48 ± 8, mean disease
duration ± standard deviation: 14 ± 8 years, median Expanded
Disability Status Scale score (EDSS) [minimum, maximum]:
5 [3, 6]), while the low EDSS group (E DSS < 3) was
composed of 14 people (9 females, 5 males, mean age ±

standard deviation: 34 ± 8, mean disease duration ± standard
deviation: 7 ± 5 years, median Expanded Disability Status
Scale score (EDSS) [minimum, maximum]: 2 [1, 2]). In the
same context, we also acquired the gait of 25 unimpaired
controls (age and sex matched with MS participants).

Prior to data collection, a power analysis was conducted
to estimate the required sample size for the study. Prelimi-
nary gait data were collected from individuals in the three
study groups: unimpaired controls, low-EDSS, and high-EDSS
participants. For normal gait, stride time was selected as
the primary parameter for estimating effect size. Based on
preliminary data, an effect size of 0.71 was obtained. Using
a significance level (α) of 0.05 and a desired power (1 − β)
of 0.90, the analysis indicated a minimum total sample size
of 30 participants. For tandem gait, heel-to-toe distance was
identified as the primary outcome measure. An effect size of
1.55 was calculated from the preliminary dataset. With α set
at 0.05 and power at 0.90, the estimated minimum sample size
was 10 participants per group to detect significant differences.
Power analyses were conducted using G*Power software.
Based on these calculations, we enrolled 11 participants in the
high-EDSS group, 14 in the low-EDSS group, and 25 age- and
sex-matched unimpaired controls, ensuring adequate statistical
power and reliability of the findings.

The study adhered to the principles of the Declaration
of Helsinki and it was approved by the Institutional Ethical
Committees (CER Liguria, approval No. 222REG2017 and the
Review Board of the Department of Informatics, Bioengineer-
ing, Robotics, and Systems Engineering at the University of
Genoa, Protocol No. CE DIBRIS-008/2020). Informed consent
was obtained from all participants prior to their involvement
in the study.

B. Experimental Setup and Protocol
The gait data were captured using a three-RGB-cameras

setup, with the synchronized cameras (RGB Mako G125 GigE
cameras with Sony ICX445 CCD sensor, temporal resolution:
30 frame per seconds (fps), spatial resolution: 1292 × 964)
placed at three different viewpoints to allow for accurate 3D
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Fig. 1. Sketch of the setup adopted for data acquisition (left) and
visual representation of the detected keypoints (in green) from the frontal
viewpoint (right).

reconstruction of keypoints (see Figure 1 for a setup sketch).
Each participant performed two types of gait: normal walking
along a straight path, and tandem gait, which involves walking
in a heel-to-toe manner along a straight line. For each gait
modality, the participants walked in straight lines from one
side of a room to the opposite and they were asked to walk
as naturally as possible at their preferred speed. The video
acquisition path was 4 m long and participants were required to
perform 6 trials, 3 for each direction. The acquisition area did
not capture at least one initial step before participants entered,
nor one final step after they exited the acquisition path.
To further minimize potential start-up and terminal effects,
we excluded the first and last steps within the camera’s field
of view for each trial and analyzed three central gait cycles:
two from the contralateral (non-initiating) leg and one from the
initiating leg (i.e., the second cycle). Consequently, at least two
initial and two final steps were systematically excluded from
the analysis to avoid introducing variability associated with
gait initiation and termination [15]. This approach ensured that
only gait cycles occurring in the middle portion of the walking
task were considered and yielded a total of 18 gait cycles per
participant.

C. Data Analysis Pipeline
Our analysis consists of the following key steps [19]:

(a) keypoints detection using Pose ResNet-152, a state-of-
the-art algorithm for pose estimation [34]; (b) refinement
of the detections using Adafuse [36] and temporal filtering;
(c) 3D reconstruction of keypoints positions based on a
geometric approach [12]; (d) spatio-temporal and kinematic
gait parameters computation using biomechanical modeling
approaches (e.g., Opensim [7]). In the following, we summa-
rize the key aspects of each step. The overall accuracy of
the spatio-temporal parameters and joint kinematics obtained
from our markerless video-based method has been assessed in
our previous validation study [19], where we compared these
measures against a gold-standard motion capture system in
unimpaired individuals.

1) Keypoints Detection: We used Pose ResNet-152 [34],
a state-of-the-art convolutional neural network (CNN)
designed for human pose estimation, as the backbone for
detecting 2D keypoints in each video frame. This model was

pre-trained on large-scale datasets and generates probability
maps for each keypoint. Importantly, as highlighted in [19],
this model do not consider keypoints on the feet, indispensable
for our goal. For this reason, we first performed a fine tuning
of the Pose ResNet-152 architecture considering a subset of
the well-known Human3.6m dataset (we considered one image
every 20 frames, for a total of 180,000 images) [14]. We did
not perform any fine-tuning on our new MS dataset. Figure 1
shows a visual representation of the keypoints detected.

2) Keypoints Refinement and Filtering: To enhance the accu-
racy of the detected 2D keypoints, we applied the Adafuse
algorithm [36], which leverages epipolar geometry to refine
the keypoints detected by Pose ResNet-152. Adafuse integrates
information from multiple camera viewpoints, improving key-
point detection by combining probability maps from adjacent
views. This step is critical in minimizing errors, especially in
occluded or difficult-to-detect body parts, by refining the 2D
keypoint estimates. Then, we applied a low-pass Butterworth
filter (4th order, 7 Hz cutoff frequency).

3) Keypoints 3D Reconstruction: Once the refined 2D key-
points were obtained, we reconstructed the 3D positions of
these keypoints using a geometric approach. By triangulating
the refined keypoints from multiple camera viewpoints and
leveraging the intrinsic and extrinsic parameters obtained from
camera calibration, we computed accurate 3D coordinates for
each keypoint. This process allowed us to generate a full 3D
skeleton of the body of each participant.

4) Spatio-Temporal and Kinematic Gait Parameters Compu-
tation: The 3D keypoints extracted from both people with
MS and unimpaired controls were processed to quantify gait
characteristics, including spatio-temporal and joint kinematic
parameters. First, gait cycles were detected automatically for
each participant. A gait cycle was defined as the period
from one heel strike to the subsequent heel strike of the
same foot. To detect the gait cycles, we analyzed the speed
profiles of the heel keypoints, focusing on the vertical move-
ment [25]. The gait cycles were defined as the intervals
between two time instants where the heel’s speed decreased
below 10% of the local maximum value immediately following
the peaks. Once the gait cycles were identified, we computed
the spatio-temporal parameters for each participant. We com-
puted the mean speed calculated as the average value over the
gait cycle of the speed of the pelvic midpoint keypoint (see
Figure 1). Then starting from the heels’ trajectory, we cal-
culated stride length, stride time, stance phase, swing phase,
and step width. Stride length was measured as the distance
traveled during a complete gait cycle. The stance phase was
defined as the percentage of the gait cycle during which the
foot was in contact with the ground, and the swing phase
was its complement, representing the time when the foot was
not in contact with the ground. Step width was calculated
as the lateral distance between the midpoints of the left and
right feet during a step. For tandem gait, during the double
support phase (i.e., when the velocity of both feet approached
zero), the anteroposterior distance between the heel of the
front foot and the toes of the back foot was computed to
quantify heel-to-toe alignment. In addition to spatio-temporal
parameters, joint angles were estimated using a biomechanical
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TABLE I
NORMAL WALKING: SPATIO-TEMPORAL PARAMETERS COMPUTED FOR LOW-EDSS, HIGH-EDSS AND UNIMPAIRED GROUPS, AND STATISTICAL

RESULTS OF THE ANOVA AND THE TUKEY POST-HOC TEST BETWEEN LOW-EDSS AND UNIMPAIRED (LAST ROW, FIRST VALUE FOR EACH

COLUMN) AND BETWEEN HIGH-EDSS AND UNIMPAIRED (LAST ROW, SECOND VALUE FOR EACH COLUMN). WE REPORT THE MEAN ± THE

STANDARD DEVIATION OF EACH PARAMETER. THE STANCE AND SWING PHASES ARE REPORTED IN % WITH RESPECT TO THE WHOLE GAIT

CYCLE; STRIDE LENGTH AND STEP WIDTH AND EXPRESSED IN METERS (M); STRIDE TIME IN SECONDS (S);
SPEED IN METERS PER SECONDS (M/S)

model implemented in OpenSim [7]. OpenSim is widely
employed in gait analysis as it facilitates the association of
detected keypoints with biomechanical models of the human
skeleton, enabling detailed kinematic and muscle activation
analyses. In this study, we used the Rajagopal Model [28],
a comprehensive full-body musculoskeletal model commonly
applied in dynamic simulations of human movement. OpenSim
offers two key tools tailored to this purpose: Scaling and
Inverse Kinematics. The Scaling tool was applied to adapt a
generic skeleton model to align with the input keypoints, while
the Inverse Kinematics tool was employed to simulate skele-
ton motion and compute joint angles for each participant’s
gait cycle, providing insights into the dynamic movements.
Particularly, we computed the hip flexion/extension, knee flex-
ion/extension, ankle dorsi-/plantar-flexion, hip ab-/ad-duction,
and pelvis tilt. Both the spatio-temporal parameters and the
joint angles were averaged between left and right legs.

D. Statistical Analysis
As for normal gait, an analysis of variance (ANOVA)

was conducted to assess differences in both spatio-temporal
gait parameters and joint angle temporal profiles among the
three study groups (unimpaired controls, low EDSS, and high
EDSS), with group considered as a between-subjects factor.
Following a significant main effect, we identified specific
differences between group pairs (Tukey’s post hoc test for
the spatio-temporal parameters and pairwise t-test for the
joint angles). Before performing the ANOVA, the normality
assumption was verified with the Shapiro-Wilk test and the
homogeneity assumption with the Levene’s test. Tandem gait
analysis was performed exclusively for the low-EDSS group,
as it represents a more challenging task typically feasible
only for individuals with lower levels of disability. In this
case, an unpaired t-test was employed to assess statisti-
cally significant differences between low-EDSS and age- and
sex-matched unimpaired participants, with the significance
level set at p < 0.05. Statistical analysis were performed using
the Jamovi environment (Jamovi software 2.6.44, jamovi.org)
for spatio-temporal parameters. For the joint angles analysis,
we used the Statistical Parametric Mapping (SPM) method,
which is specifically designed to analyze time-varying signals.

We applied this method to the 1-D spatio-temporal variables
describing joint angles throughout the gait cycle, using the
open-source software spm1d [26]. This approach allowed us
to assess statistically significant differences in joint kinematic
waveforms across the entire gait cycle while preserving the
temporal structure of the data, rather than relying on discrete
point comparisons. Statistical significance was set at p < 0.05.

III. RESULTS

A. Normal Gait
For normal gait, all spatio-temporal parameters showed

significant differences across the high-EDSS, low-EDSS, and
unimpaired control groups (see Table I). Also, the high-EDSS
group exhibited altered gait patterns characterized by increased
stride time, reduced stride length, slower gait speed, and a
prolonged stance phase relative to the swing phase. How-
ever, no significant differences were observed between the
low-EDSS group and the unimpaired controls, supporting the
evidence that individuals with lower disability have more
preserved gait function during normal walking.

The joint angle profiles were analyzed using a one-way
ANOVA, which revealed significant effects (Figure 2 second
column). Furthermore, groups comparison highlighted that
the high-EDSS group showed significant differences from the
unimpaired controls (Figure 2 fourth column). The high-EDSS
group exhibited reduced flexion in the knee joints during
the swing phase and reduced ankle dorsiflexion. Their pelvis
was in anteroversion, reaching significantly higher values than
controls at the beginning and at the end of the gait cycle.
The high EDSS group also had a reduced range of motion
(ROM) in the frontal plane: the abduction was lower between
the 10% and the 30% of the gait cycle associated to a lower
adduction between the 60% and the 65% of the gait cycle.
In contrast, no significant differences were observed in the
joint angles between the low-EDSS group and the unimpaired
controls (Figure 2 third column).

B. Tandem Gait
In the tandem gait analysis, we focused on the low-EDSS

group and compared their gait performance to the age and
sex-matched unimpaired controls, as most individuals (8 out
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Fig. 2. First column: mean (solid lines) and standard error (shadow areas) of the joint angles for unimpaired (black), low-EDSS (red), and high-
EDSS (green) participants. Second column: results of the ANOVA performed considering all the participants. Third column: group comparison
between unimpaired and low-EDSS groups. Last column: group comparison between unimpaired and high-EDSS groups. From top to bottom: hip
flexion/extension, knee flexion/extension, ankle dorsi-/plantar-flexion, hip ab-/ad-duction, and pelvis tilt.

TABLE II
TANDEM WALKING: STRIDE TIME (S) AND HEEL-TOE DISTANCE (M)

COMPUTED FOR LOW-EDSS AND UNIMPAIRED GROUPS, AND

STATISTICAL RESULTS (LAST ROW)

of 11) with high EDSS scores were unable to perform tandem
gait. By performing an unpaired t-test, we found significant
differences in stride time between the low-EDSS group and
unimpaired controls during tandem gait (Table II). Further-
more, people with MS in the low-EDSS group consistently
exhibited a larger space between the heel and the toe, indicat-
ing less precise foot placement, a large base of support and
reduced ability to maintain the heel-to-toe position.

IV. DISCUSSION AND CONCLUSION

This study highlights the potential of video-based mark-
erless systems for detecting and quantifying gait impairment
in people with MS. Our findings show that this approach can

successfully identify significant gait abnormalities, particularly
in individuals with higher disability scores (high-EDSS group).
Additionally, tandem gait analysis revealed subtle gait deficits
even in the low-EDSS group, underscoring its sensitivity in
detecting early-stage impairments and distinguishing between
different levels of impairment, as supported by previous
studies [2], [17]. The fact that these differences were also
observable using a video-based gait analysis approach is
particularly encouraging, as it highlights the potential of
markerless video analysis to detect clinically relevant gait
alterations in a non-cumbersome and accessible manner.

Our analysis of normal gait revealed significant differ-
ences in both joint kinematics and spatio-temporal parameters
between the high-EDSS group and unimpaired controls. The
high-EDSS group exhibited reduced joint mobility in the
sagittal plane, particularly in the ankle in the swing/pre-
swing phase and knee during the swing phase, along with an
increased anteroversion of the pelvis and reduced ROM of the
hip in the frontal plane. These results are consistent with pre-
vious studies showing that individuals with greater MS-related
disability tend to experience a slower, more cautious gait,
characterized by shorter steps and a prolonged stance phase to
compensate for balance and coordination issues [29]. In con-
trast, no significant differences were observed between the
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low-EDSS group and the unimpaired controls during normal
gait. Aside from potential errors associated with the mark-
erless method (discussed below), this finding may suggest
that individuals with lower levels of disability retain rela-
tively normal gait patterns under standard walking conditions.
On one side, this finding is in line with existing literature [29],
which has shown that gait abnormalities may not be easily
detectable in early-stage MS during straightforward walking
tasks. However, on the other side, there are studies that
highlight that wearable inertial sensors [22] and marker-based
motion capture systems [1] detected early gait alterations in
minimally impaired MS individuals, even when global clinical
scales like the EDSS show no significant changes. Wearable
sensors provide detailed, continuous data on gait, which allows
for the detection of subtle deviations that might be overlooked
by traditional methods or video analysis. These sensors are
especially useful in capturing dynamic changes in gait across
different conditions, such as fatigue, offering a more thorough
understanding of gait abnormalities in MS. Marker-based
motion capture systems offer higher spatial and temporal
resolution than markerless approaches, allowing for the detec-
tion of subtle motor impairments that may go unnoticed
with less precise techniques. This reinforces the importance
of validating markerless systems against reference-standard
technologies to assess their sensitivity and potential clinical
utility, especially when investigating subtle motor changes in
clinical populations.

In contrast to normal gait, tandem gait analysis was able to
reveal subtle yet significant differences between the low-EDSS
group and unimpaired controls. Tandem gait is a more chal-
lenging task that requires greater balance and coordination,
and it is particularly useful for detecting early deficits in
motor control. In our study, low-EDSS individuals had a larger
space between the heel and toe than unimpaired controls. This
increased distance indicates difficulties in maintaining precise
foot placement.

The extension of this approach to more prolonged walking
assessments, such as the 6-minute walk test, deserves further
investigation. Applying the method in such contexts would
require careful evaluation of the camera’s spatial resolution
over extended distances, as well as consideration of the
increased setup complexity. Incorporating additional cameras
may help maintain tracking accuracy over a larger area,
but could also reduce the system’s portability and introduce
greater intrusiveness. Wearable sensors remain more suitable
for outdoor settings or for monitoring walking over extended
distances, where deploying and calibrating a large number of
cameras would be impractical.

Although our results are promising, several limitations
should be acknowledged. First, the sample size of the MS
cohort was relatively small, particularly for the tandem gait
analysis. This may limit the generalizability of our findings
and warrants further validation in larger and more diverse MS
populations. Future studies should include broader cohorts to
confirm our results and better assess their applicability across
varying clinical profiles. Second, while previous work has
highlighted that toe foot keypoint estimated via markerless
pose estimation algorithms are among the most susceptible

to noise [20], it is important to contextualize this limitation.
Although motion blur can arise during rapid movements,
the average gait speed and the typical frequency of human
locomotion are well below half the 30 Hz frame rate of our
video recordings. Given that participants walked at a natural
pace, motion blur is not expected to have introduced significant
errors in our analysis. Indeed, as discussed in [20], any impact
of motion blur was minor and mostly confined to the feet toe,
without meaningfully affecting the heel keypoint used for gait
cycle detection. Moreover, our previous studies compared gait
event detection using the same video-based pipeline against
gold-standard systems such as OptiTrack [19] and SMART
DX (with integrated force platforms) [20], and found strong
consistency in key spatiotemporal parameters, such as stride
time and stride length. These findings support the robustness
of our video-based methodology in capturing reliable gait
metrics. Additionally, while our study focused on gait differ-
ences between people with MS and unimpaired controls, future
research could explore how these gait impairments evolve over
time or in response to rehabilitation interventions.

Also accounting for this limitation the ability to detect
gait abnormalities using a non-cumbersome, markerless
video-based system holds significant potential for clinical
practice. Traditional marker-based systems are often expen-
sive, invasive, and require specialized equipment and expertise,
limiting their use in routine clinical settings. In contrast, video-
based systems offer a cost-effective, user-friendly alternative
that can be easily integrated into clinical workflows. Moreover,
these systems can capture gait in more natural and uncon-
strained environments, which may lead to a more meaningful
assessment of mobility in people with MS. Our findings
suggest that video-based gait analysis can be particularly
useful for monitoring disease progression in MS. In people
with higher disability scores, the algorithm can clearly detect
significant gait abnormalities, while in people with lower
EDSS scores, tandem gait analysis may reveal early deficits in
balance and coordination that would otherwise go unnoticed.

INSTITUTIONAL REVIEW BOARD STATEMENT

The study adhered to the principles of the Declaration
of Helsinki and it was approved by the Institutional Ethical
Committees (CER Liguria, approval No. 222REG2017 and the
Review Board of the Department of Informatics, Bioengineer-
ing, Robotics, and Systems Engineering at the University of
Genoa, Protocol No. CE DIBRIS-008/2020). Informed consent
was obtained from all participants prior to their involvement
in the study.
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