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In recent years, markerless optical systems for biomechanical movement analysis in sports, gait and balance
assessments are being used as an alternative to conventional marker based measuring systems. This study
compares the performance of the Zed 2i stereoscopic camera against a VICON system in a standing position
under three conditions: quiet standing and two movements simulating disturbances in two directions,
anteroposterior and mediolateral. This study originates from a collaborative project with a medical team
that aims to objectively evaluate balance function in patients recovering from stroke. The displacement and
velocities of the centre of mass were calculated and compared in two directions, x and y. A Bland-Altman
analysis for non-parametric data, along with the coefficient of determination and mean square error, were
used for statistical evaluation. The results demonstrate that the limits of agreement in both sway tasks were
greater than those observed in static conditions. However, the coefficient of determination of the sway tasks
indicates a significant degree of agreement between the two systems. In contrast, in the static condition, it
appears that noise may have a greater influence on the signal than the centre of mass estimate, due to the
limitation of the depth algorithm used to estimate the joint positions.

1. Introduction

Balance is a fundamental function of daily activities that involves
synergy of the vestibular, visual, and somatosensory systems [1]. These
sensory inputs are processed by the central nervous system, which
generates the required strategies to maintain the centre of mass (COM)
within the limits of the base of support (BOS) [2]. Balance is clinically
assessed through different standardised tests such as the Timed Up &
Go [3] or the Berg Balance Scale, among others [4]. A more quanti-
tative measurement of balance is static or dynamic posturography, or
stabilometry, which focuses on measuring the centre of pressure (COP)
with a dynamometric platform or force plate. The COP is defined as the
location, within the BOS, where the total reaction force on the ground
acting on a person’s foot or feet is concentrated [5]. The study and
analysis of the relationship between these parameters have been con-
ducted to characterise the behaviour of balance and to quantitatively
identify the variations that can occur under various conditions [6-9].
Some of these studies include: diagnosis and prevention of falls in
older people [10], Parkinson’s disease [11], and people with chronic

obstructive pulmonary disease [12]. Furthermore, COM behaviour and
its relationship with COP have also been used to study the effects of
ageing and hemiplegia [13], and to discriminate between elderly fallers
and non-fallers [14], proving to be a valuable asset in the study of the
intricacies of balance and postural control. Other research studies have
also identified that the velocity of the COM can be used in balance
assessment to identify potential fall risks in elder people [15] and the
relationship between movement of different body segments and the
COM velocity with posture instability [16].

However, estimating the COM position presents a great challenge,
since it cannot be directly measured. A first approach is to mea-
sure the masses and lengths of each subject segments to calculate
their total COM [17]. This is not only impractical, but also time
consuming, therefore other methods for its estimation were developed,
such as double integration of the COP [18], low-pass filter of the
COP [19], Inertial Measurement Unit (IMU) based estimations [20,21],
and videogrammetry, the last acknowledged as the gold standard [22].

Measurement by videogrammetry, commonly known as motion cap-
ture (Mocap), is mostly performed with specialised equipment, such as
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optoelectronic systems based on reflective markers. These markers are
placed on key anatomical landmarks of a patient and infrared cameras
are used to track the movement along a recording space [23]. This
system has been used to measure gait patterns and speeds [24,25], as
well as gait disturbances due to different diseases such as rheumatoid
arthritis [26]. Another study tracked the behaviour of individuals with
hip osteoarthritis [27] where fourteen markers were placed on the
sacrum and on both iliac crests, and other key bony landmarks to
measure hip flexion-extension. Other uses are related to the study of
sports biomechanics, such as football [28] or handball [29] motions.
While precise, this method is not without flaws as it requires strict
experimental conditions such as a suitable conditioned space, mul-
tiple cameras for proper tracking which in turn increases the price
restricting its accessibility, and specialised training for proper marker
placement to accurately compute the COM. Additionally, even under
optimal conditions, marker placement can generate errors due to soft
tissue artefacts [30]. Marker placement is also time consuming, mak-
ing it difficult to handle long measurement sessions for healthcare
applications.

Recently, there has been an increase in the use of markerless systems
for human pose estimation. These systems employ images or videos
acquired by single or multi-camera setups to estimate the position
of joint coordinates through convolutional neural networks, removing
the need to attach reflective markers [31]. Research on single cam-
era systems such as the Microsoft Kinect v2 has been explored in
telemedicine for remote health monitoring [32]) and compared COM
estimates with double integration of the COP method [33]. Although
these works highlight the potential of markerless systems, the val-
idation methods of Root Mean Square Error (RMSE) values and/or
Pearson’s coefficient of correlation have limitations. RMSE provides
a summary of the overall error, but does not identify when it occurs
during motion, it neither identifies whether it is systematic or random.
Similarly, the Pearson correlation coefficient often yields high values
when the compared systems measure the same parameter, regardless
of whether their outputs differ systematically [34]. To address these
issues, a Bland-Altman analysis is recommended to better assess the
agreement and performance of these systems, as well as the type of
error present between both measurement systems [35].

Other studies have compared the performance of multi-camera
markerless and marker-based technologies through different static and
dynamic motions. Some researchers focus on kinematic variables such
as pelvic tilt, hip flexion, and ankle eversion. In these studies, mark-
erless systems, despite certain limitations such as lower accuracy or
difficulties to correctly measure patients with certain deformities, show
promise in clinical and rehabilitation environments due to their ease of
use [36,37]. A different study measured the agreement in COM estima-
tion applying a Bland-Altman analysis to several parameters derived
from the COM through dynamic motions [38]. While these multi-
camera systems are cheaper than their marker-based counterparts,
their high cost still limits their accessibility. Additionally, multi-camera
setups require technical expertise for calibration and installation.

A different approach to 2D image estimation is the use of stereo-
scopic cameras, such as the Zed 2i. Unlike monocular cameras, which
are limited to 2D estimation, stereoscopic cameras provide 3D depth,
enabling new possibilities for pose estimation research [39]. This tech-
nology employs two optical sensors to estimate object depth. With this
feature and the use of neural networks, the positions of several key-
points related to anatomic joints can be identified. The use of a single
camera enhances adaptability, as it can be used in different space con-
ditions. This flexibility allows it to be used with mobile dynamometric
platforms [40], which facilitates a detailed analysis of the relationship
between COP and COM. However, despite its advantages, markerless
systems have drawbacks, including lower accuracy and robustness
compared to marker-based systems [41]. After an in-depth state of
the art research we consider that there has been limited research on
stereoscopic cameras for COM estimation in balance studies.
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Table 1

Participant characteristics.
Parameter Value
Number of participants (n) 8
Age (years) 35.6 + 4.87
Mass (kg) 77.0 + 12.05
Height (cm) 180.7 + 8.96

The aim of this study is to validate the COM estimation of the Zed
2i markerless model by comparing it to a marker-based optoelectronic
system, considered the gold standard, using anthropometric tables.
Specifically, we evaluate two distinct models: the marker-based model,
which employs Dumas anthropometric tables [42], and a simplified
nine-segment model derived from the Zed 2i pose estimation algorithm,
which utilises Winter anthropometric tables [43]. The assessment is
conducted using simple movements such as quiet standing, and an-
teroposterior and mediolateral oscillations, which simulate maintaining
balance, without altering the BOS, after suffering a disturbance. These
movements emulate the behaviour of a mobile dynamometric platform,
which are designed to assess balance of elderly adults, stroke patients,
Parkinson’s disease, or multiple sclerosis patients. [44-46]. Finally, this
study evaluates the feasibility of the Zed 2i as a low-cost auxiliary
tool in biomedical and clinical applications where balance assessment
through posturography is evaluated.

2. Materials and methods
2.1. Experimental protocol

Eight healthy male participants were selected for this study ( Table
1), all of whom gave their informed consent in accordance with the
Declaration of Helsinki [47]. Approval of all ethical and experimental
procedures and protocols was granted by the CPP Sud-Ouest et Outre-
Mer I et II under Application No. 2020-A01357-32. Participants wore
minimal clothing to facilitate proper marker placement and a full-body
marker set, consisting of 52 markers, was placed according to Dumas
anthropometric tables to estimate the COM [42].

Movements were measured using a VICON system (Vicon, Oxford,
UK) composed of fourteen VERO 2.2 cameras (250 Hz @ 2.2 MP
Sensors) and simultaneously captured by a Zed 2i camera (Stereolabs,
San Francisco, CA, US) (30 Hz @ 2 x 4 MP Sensors, SDK ver. 4.0.6). The
VICON system was calibrated according to the specifications provided
in the user manual to provide a global reference frame (O-XYZ). The
Zed 2i camera was placed on a tripod 2 metres from the participant, at
a height of 90 cm, and orientated at an oblique angle of —10 degrees
with respect to the sagittal plane. This setup was defined to measure the
overall performance of the pose estimation algorithm. Additionally, a
custom-made hat with three markers was placed on the Zed 2i camera
to determine its position within the VICON recording space for post-
process spatial alignment of the marker-based and markerless models.
This hat was specifically designed to have the centre of the generated
reference frame located 6 cm to the right and 2.5 cm above the internal
reference frame of the camera (Zed-XYZ), the centre of which is located
at the left optical sensor.

The equipment used to acquire the measurements of the Zed 2i
camera was a ROG Zephyrus G14 (ASUS, Taipei, Taiwan) with an AMD
Ryzen 5900HS CPU (AMD, CA, US) and a GeForce RTX 3050 Ti GPU
(Nvidia, CA, US). The mass of each subject was calculated using the
reaction force in z with the triaxial AMTI dynamometric platforms
(Advanced Mechanical Technology Inc, MA, USA).

The experimental protocol consisted of an initial static measurement
to reconstruct the VICON model for post processing, and three sets of
tasks, each performed with feet placed at shoulder width and arms in
anatomical position. The tasks included ten static repetitions of five
seconds duration, ten repetitions of an anteroposterior sway movement
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starting in the anterior direction, and ten repetitions of a mediolateral
sway movement starting in the right mediolateral direction. To en-
sure repeatability between tests, participants were instructed to avoid
raising the toes or heel from the ground during the sway movements,
additionally, the trunk was to remain aligned with the pelvis without
flexion. This resulted in a variable test duration ranging from thirty to
forty seconds. Finally, since both measurements were acquired inde-
pendently, an elbow flexion was performed at the end of each trial to
synchronise both models during post-processing.

3. Data processing
3.1. Marker-based system

Marker-based data were acquired, reconstructed, labelled, and pro-
cessed using Nexus software version 2.14 (Vicon, Oxford, UK). The
obtained marker positions were imported into MATLAB (Mathworks,
Natick, MA, US) to estimate the position of the COM. Based on Dumas
et al. anthropometric table, the body was modelled as a 16-segment
model (head, thorax, abdomen, pelvis, upper arms, forearms, hands,
thighs, shanks, and feet), estimating the position of the COM and
mass of each segment (Fig. 1(a)) from the 52 markers mentioned in
Section 2.1. First, the following joint centres were computed:

- Bilateral Joint Centres

Ankles
Knees
Hips
Shoulders
Elbows
Wrists

» Vertebral Column Joints Centres

— Lumbar
— Thoracic
— Cervical

Z:'ZI(COMI- -m;)

i (€8]

COM, =

Afterwards, the local coordinate systems for each segment were
calculated using the markers placed around the joints, and finally, the
COM position for each segment was obtained (shown as black dots in
Fig. 1). To compute the total COM (EWT) (Shown as a green dot in
Fig. 1), Eq. (1) was used:

Where COM,,i = 1..16 the position of the segment i COM with
respect to O-XYZ, m; the mass of the segment i, and M is the total mass
of the body. In these equations, the mass of each segment is estimated
using Dumas et al. anthropometric tables, which define each segment
as a percentage of the total body mass.

3.2. Markerless system

The Zed 2i camera detects depth using stereoscopic technology by
computing the displacement between pixels acquired by the left and
right cameras [48]. The depth range extends from 0.2 to 20 metres,
and the camera has a field of view of 110 degrees. The pose estimation
algorithm uses a convolutional neural network for keypoint detection
and, in conjunction with the depth estimation, provides the 3D position
of each keypoint. Each keypoint corresponds to an anatomical joint.
The Zed 2i pose estimation algorithm provides three different models,
each with a number of keypoints. For this study, a thirty-eight key-
point body format was used as this model provides the joint centre
positions for bilateral wrists, elbows, shoulders, ankles, knees, hips,
pelvis, and three keypoints corresponding to the thorax, resulting in a
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Fig. 1. VICON model (a) Front view (b) Side view (c) Top view.

nine-segment model (Fig. 2(a)). Data acquisition was performed using
a custom Python script in which a Z-Up right-handed coordinate system
was defined, where the y-axis points towards the camera lens, the x-axis
points to the right, and the z-axis points upwards.

Since the provided keypoints were insufficient to accurately de-
termine the local coordinate systems for each segment and compute
its COM position, the Dumas methodology cannot be applied. Due to
this limitation, Winter anthropometric tables [43] were used, as this
method estimates the COM position of the segment along the vector
that connects two joint centres. The model used includes nine segments:
bilateral shank and foot, thigh, forearm and hand, upper arm, trunk,
and neck-head, leading to the corresponding nine COM in Fig. 2(a). For
the total COM, Eq. (1) was used, adjusted for the number of segments
in the markerless model (i = 1...9).

To compare both models, a transformation matrix was applied to
the Zed 2i model so that the data were expressed in terms of the global
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Fig. 2. Zed 2i model (a) Front view (b) Side view.

reference system Eq. (2):

O _ 70
Pred =T 700 P (&)
R d
0 _ |RZed Zed
TZed - [ Oe 1e ] . (3)

Where R ., is the rotation matrix of the Zed 2i coordinate reference
system Zed-XYZ in the global reference frame, d,,, is the position
vector of the internal Zed 2i camera reference system, after adjusting
the offset of the marker hat, relative to the reference global frame, and
P, i = 1..38 the position of each keypoint in space with respect to Zed-
XYZ, and P;e . is the position of the keypoints in space with respect to
O-XYZ.

In Fig. 3 the initial position of a participant is shown after applying
the transformation matrix, where O-XYZ is the global reference frame
and Zed-XYZ is the Zed 2i internal camera reference frame.

3.3. Signal processing

Data acquired by the Zed 2i camera experienced a variable sam-
pling frequency drop from 25 Hz to 5 Hz towards the end of the
trials, we identified that this was caused by the used hardware, more
specifically, the graphics card. To achieve a constant sample rate of
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Fig. 3. Spatial alignment of both models, isometric view.

50 Hz for analysis, a cubic spline interpolation during post-process
was applied. To compare both signals, data acquired by the VICON
system were downsampled to 50 Hz. The elbow flexion angle was
computed with the marker-based and markerless kinematic models, and
filtered using a zero-phase low-pass fourth-order Butterworth filter with
a cutoff frequency of 5 Hz. After filtering, the maximum value of the
elbow flexion, computed with both the marker-based system and the
markerless system, was synchronised.

The positions of both estimated total COM were filtered through a
zero-phase low-pass fourth-order Butterworth filter with a variable cut-
off frequency determined through the residual analysis method [43],
where the second derivative of the residual curve was calculated.
A threshold, consisting of the mean value of the second derivative
curve, was used to identify the frequency at which the most abrupt
increase occurred. This frequency was used as the optimal cut-off
frequency [49]. To compute the velocity, a Matlab derivative algorithm
was applied to the COM position in the x and y directions.

3.4. Statistical analysis

To maintain the consistency of the comparisons, the elbow flexion
event was removed from the signal analysis. For the static task we used
the first four seconds. In terms of sway exercises, the time interval
between the first and last maxima of the predominant movement was
used to ensure this consistency.

The comparison between both systems was based on the displace-
ment and velocity of the COM in the x and y directions of the global
reference frame.

To assess the level of agreement between the two measurement
systems, a Bland-Altman analysis between measurement methods with
multiple observations per repetition was applied (observations varying
from 200 for static tasks to [1000 - 1300] for sway tasks) [50]. Bland-
Altman analysis assumes that the distribution of differences is normally
distributed. However, upon applying the Kolmogorov—Smirnov test to
the data, it was found that this assumption was not met, and thus the
data can be classified as non-parametric. Therefore, to calculate the
limits of agreement (LOA), the quantile method [51] was used, ensuring
that 95% of the total dataset fell within these LOA. The root mean
square error (RMSE) and the coefficient of determination R* were also
calculated. R? indicates the strength of the linear relationship between
the two measures. The classification used for R? was: weak (R? < 0.4),
moderate (0.4 < R? < 0.7), significant (0.7 < R? < 0.9) and substantial
(R? > 0.9).

The values presented for the displacement analysis are calculated
after a mean de-trend and with respect to the origin of the coordinate
system, since the indicators used in posturography are often calculated
relative to the mean value of the COP/COM [7].



R. Valenzuela et al.

Biocybernetics and Biomedical Engineering 45 (2025) 278-286

Table 2
Bland-Altman analysis for each task and across all tasks, for all participants.
Indicator Parameter Static AP Sway ML Sway
X y X y X y
LOA (lower) -4.54 -2.01 -17.93 -9.84 -11.49 -14.34
Displacement (mm) LOA (upper) 3.88 2.06 17.56 9.46 11.45 14.96
P RMSE 2.13 1.06 9.41 5.10 5.99 7.70
R? 0.46 0.26 0.94 0.85 0.92 0.98
LOA (lower) -8.33 -5.00 -42.71 -22.76 -30.34 -39.88
Velocity (mmys) LOA (upper) 10.65 4.66 44.65 23.36 29.57 41.64
¥ RMSE 4.78 2.63 23.49 12.53 15.54 20.17
R? 0.13 0.08 0.92 0.83 0.91 0.98
5 —_— tests, and one of the ML sway tests. As a result, 77 static tests, 78 AP
£ - -COM Zed
£ —COM VICON sway tests, and 79 ML sway tests were analysed.
o 0 In Fig. 4 the comparison of both COM displacement estimation in
B both directions for each exercise and a different participant is shown. It
s can be seen that the COM behaviour of both models in sway exercises is
more similar than the static exercises, particularly in the predominant
movement direction.
4.1. COM displacement
5 Various patterns of differences between conditions can be identified

Time (s)

(a)

10

0 5 15 20 25 30
Time (s)
- -COM Zed
E 50 [|—COM VICON
x 0 =7\ = Z VAN
g
& -50
0 5 10 15 20 25 30
Time (s)
E 50
E
> 0
g
A -50
0 5 10 15 20 25 30
Time (s)

()

Fig. 4. Signal behaviour in x and y directions for: (a) Static task, (b) AP sway task,
(c) ML sway task.

4. Results

A number of measurements were lost due to inadequate recording
of the synchronisation event or unexpected behaviours in the measure-
ments. These incomplete datasets were excluded from the error index
calculations, three of which were of the static test, two of the AP sway
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by the Bland-Altman analysis (Fig. 5). In static condition, a greater
error was observed in the x direction compared to the y direction, as
evidenced by the broader LOA and higher RMSE shown in Table 2. For
sway tasks, the difference was higher in the predominant movement
direction, that is, the x direction for the AP sway and the y direction
for the ML sway. R? indicates moderate agreement in static tests for
the x direction (0.49) and weak for the y direction (0.29). While, for
the sway tasks R?> were substantial and strong for AP sway in x and y
directions respectively (0.94, 0.85) and substantial for both directions
in ML direction. These values indicate a strong agreement with the gold
standard behaviour, supporting the Zed 2i camera’s model effectiveness
for dynamic posturography assessments. It is important to note that the
LOA and RMSE obtained fall within the depth error range reported by
Ortiz et al. [48], which found a mean error of 0.2 m and a variance of
0.12 m.

4.2. COM velocity

Bland-Altman velocity analysis revealed similar trends ( Fig. 6). For
static trials, the difference was greater in the x direction, as indicated
by the broader LOA and larger RMSE for the x direction (4.78 mm/s)
compared to the y direction (2.63 mm/s). In sway conditions, the LOA
were broader and the RMSE was higher in the predominant direction,
which is the x direction for the AP sway and the y direction for the
ML sway. Regarding the R? coefficient, the x and y directions have
a weak correlation, both significantly lower than the displacement.
However, R? coefficients of sway movements remain consistent with
the displacement coefficients, further indicating that the Zed 2i camera
performs better in dynamic conditions.

5. Discussion

The aim of this study is to measure the accuracy of the Zed 2i mark-
erless system against a gold standard reference system (VICON) while
performing balance related tasks without altering the BOS. Measuring
and estimating the COM is fundamental for understanding the relation-
ship between COM and the COP, as well as the intrinsic mechanisms
underlying postural control [52,53]. In dynamic posturography, mobile
dynamometric platforms are often used to apply external perturbations.
However, these perturbations complicate COM estimation by affecting
analytic methods such as low-pass filtering [54]. As a result, vision-
based systems are preferred as an alternative to accurately capture COM
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Fig. 6. Bland-Altman plots for velocity.

movement under these conditions. In clinical conditions, the ability to
implement straightforward COM estimation methods can reduce the
subjective nature of balance evaluations, ultimately improving diagnos-
tic precision and improving care for individuals with conditions that
affect postural stability

The markerless system evaluated in this study is composed of a
stereoscopic camera and a neural network algorithm that provides a
position estimation model of 38 points corresponding to anatomical
joints. The VICON system consists of 16 infrared cameras that follow
the trajectory of 52 markers placed on the participant to estimate the
centres of rotation of the joints and their local coordinate systems.
VICON allows the use of the Dumas anthropometric tables, which
identifies not only the position of the joint rotation centre but also their
related local coordinate systems, from which the COM of each segment
is positioned. Note that these COM are not located on the vector joining
two centres of rotation of two consecutive joints, which provides a

more accurate estimation of the COM. On the other hand, the model
provided by the Zed 2i camera only allows us to know the location
of the centres of rotation of the joints, which is insufficient to apply
the Dumas tables. For this reason, Winter’s anthropometric tables are
used, which allow the COM of the segments to be located on the vector
joining two consecutive joint rotation centres. To assess the level of
agreement between both systems, a Bland-Altman analysis was used,
obtaining the parameters LOA, RMSE, and R?.

The Zed 2i camera performance had slight differences between
AP and ML tasks. The higher RMSE in the x direction for AP sway
can be attributed to the neural network algorithm prioritising the
frontal orientation of the torso. On the other hand, the lower RMSE in
the non-predominant direction during ML sway highlight the camera
better tracking performance in mediolateral movements. Additionally,
at the maxima and minima of the sway movements, the error tends
to minimise, which means that the peaks and valleys align. However,
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when the COM moves between these values, the error increases. This
difference could be explained by the use of different models, resulting
in two different slopes through the COM motion.

Similar results have been reported in another study using COM
displacement estimation to evaluate a multi-camera markerless pose
estimation systems during balance related tasks. Chaumeil et al. [38]
used a simplified full-body marker set acquired by a 10 camera Qualisys
system and a Theia 3D multi-camera markerless pose estimation system
to track participants while performing different tasks (walk, lean, beam
walking, and counter movement jumps). In this study a Bland-Altman
analysis was performed on the estimated COM using Dumas tables,
where the LOA values range from 0.58 to 1.40 cm across all tasks.
Although most of the movements in this study have a more dynamic
nature than those presented in this paper, the reported ranges are
consistent with the ranges obtained in the current study.

Other studies have compared markerless and marker based systems
during dynamic movements, including gait and sprinting. Needham
et al. [37] compared the COM estimation using an open source mark-
erless software (OpenPose) and a full-body marker set, acquired by a
multi-camera Qualisys system during sprinting and pushing motions.
The reported results included a 95% LOA range —0.037 to 0.046 m for
the horizontal displacement of the COM and —1.722 to 1.974 m/s for
the horizontal velocity of the COM while sprinting. The high difference
ratio between both systems was identified to be the lack of proper
neural network training, as there were few training dataset related to
the analysed push movement. A similar limitation was also found in our
study, where the Zed 2i pose estimation algorithm continuously placed
the torso facing front to the camera.

Regarding static trials, although the RMSE and LOA were lower than
those computed for sway tasks, the low R? value of 0.48 indicates that
it is not advisable to use the Zed 2i camera to study the behaviour of the
COM in static balance. When the camera is tracking sway movements,
the high amplitude of the displacements of the COM estimated by the
Zed 2i measurements reduces the influence of the depth error stated
above. In contrast, low amplitude displacements in static conditions are
more sensitive to the depth estimation errors. This suggests that Zed 2i
is not suitable for COM estimation in static balance assessment without
additional post-processing algorithms.

The range of motion is another method used to evaluate mark-
erless and marker based systems. Although its use for balance re-
lated tasks is limited, since there is minimal movement in such con-
ditions, the conclusions drawn from these analysis can be applied
to our study. Galna et al. [55] conducted a study to measure the
accuracy of Microsoft Kinect against the gold standard VICON system,
to measure movement in people with Parkinson’s disease while per-
forming a series of clinically functional movements. While the temporal
accuracy provided strong correlation and relative low LOA, spatial
accuracy was not as reliable, with the LOA ranging as low as 4% to
as high as 146%. This broad difference was particularly high for small
movements, which aligns with our own limitations in static balance
movement as previously stated.

Regarding velocity, a more erratic behaviour can be observed in
static conditions, whereas in sway conditions, despite having a wider
LOA, the coefficient of determination R? indicates that the velocity
estimated by the markerless system maintains a strong correlation
with the marker-based system, further strengthening the feasibility
of using the Zed 2i camera for dynamic posturography evaluation.
Romanato et al. [56] studies the differences in COM velocity between
two groups, healthy young adults and patients with Parkinson’s disease,
using the Romberg test. The COM was estimated using a six camera
optoelectronic system and used Dempster tables to estimate the body
COM position with a 7-segment model. The reported differences range
from a minimum of 1.01 to a maximum of 2.33 mm/s, which is lower
than the LOA values obtained in the static tests. This would further
indicate that the use of a single Zed 2i camera is not recommended
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for static balance tests. More research with complementary devices to
improve the precision of the data should be done.

Another notable advantage of the Zed 2i camera over other marker-
less systems concerns data size and the complexity of post-processing.
Using a custom Python program, each file generated by the Zed 2i
camera’s model ranges from 300 KB for static trials up to 900 KB
for sway tasks, resulting in a total of approximately 160 MB for 240
trials (30 trials per participant). Once the custom MATLAB script was
implemented to analyse these data, post-processing proved straightfor-
ward, as the joint keypoints are predefined by the model. In contrast,
acquiring data with other multi-camera markerless systems can produce
up to 35 GB of video captures for 54 short movement trials [57]. It is
also worth emphasising that the Zed 2i camera does not record video,
rather, it performs real-time position estimation, thereby avoiding the
need to film participants and helping to preserve their privacy.

Regarding the current study limitations, we used a single camera
at a fixed position of —10° angle from the sagittal plane for data
collection, other research suggests that altering the camera’s angle or
the participant’s orientation can affect the tracking accuracy of the pose
estimation algorithm [58]. Verifying such variation lies beyond our cur-
rent scope, but remains an important consideration for future research.
Another challenge relates to the variable sample rate of the recording
equipment, which required Zed 2i data interpolation and which could
have introduced sampling synchronisation lag. Time normalisation,
a widely used strategy in gait analysis, could help reduce these ef-
fects [59], but it would require inefficient recurrent validation with the
gold standard. Furthermore, advanced post-processing algorithms, such
as unscented Kalman filters or Bayesian filters [60], may further refine
the keypoint accuracy of the Zed 2i camera model. Finally, specialised
neural network architectures trained in biomechanical data, such as
convolutional networks tailored for joint identification, hold promise
for reducing error ranges and improving reliability in both research and
clinical contexts [61].

Although the COM positions were calculated with different an-
thropometric tables, we believe that the high R? and relative low
LOA range, compared with other studies, suggests that single camera
pose estimation systems show promise for dynamic posturography
assessment. These systems offer greater accessibility and adaptabil-
ity to different environmental conditions, making them suitable for
clinical tests. Additionally, they are less invasive than marker-based
optoelectronic systems, as they do not require palpation for marker
placement.

6. Conclusions

Recently, there has been a growing interest to study the reliability
and accuracy of markerless systems due to their reduced invasiveness
and lower cost compared to marker-based systems. This study identified
that the COM estimated through Winter et al. anthropometric tables
using a single Zed 2i camera data during dynamic conditions has
a strong correlation with the estimated COM using a marker-based
VICON system data and Dumas et al. anthropometric tables. These
results indicate that for dynamic posturography assessments, a single
Zed 2i camera holds significant promise as a viable alternative to
marker-based system.

The LOA ranges for displacement obtained in this study remain
consistent with those reported in the literature. Further research should
be done to identify if a single Zed 2i camera is enough to identify
differences in COM behaviour during clinical balance tests, as this
technology reduces data collection as well as processing times, and
its portability in addition to low cost allows it to adapt to different
environments. Moreover, the use of the Zed 2i respects participant
privacy by not recording identifiable video images.

However, static motion tracking shows poor performance. Despite
relatively smaller LOA values in the static condition, the low-amplitude



R. Valenzuela et al.

nature of COM movements in static balance magnifies the impact of
even small depth estimation errors.

As future work, we propose the use and validation of a multiple Zed
2i cameras array to identify if the COM kinematic behaviour estimation
is improved. Although this may increase the overall cost of the system,
it would still be a low-cost system compared to other multiple camera
systems, enabling a wider range of applications in diagnostics and
rehabilitation.
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