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The measurement of CoP trajectory has become the de-facto standard for posturography. However, in recent
years, inertial sensors have been proposed as a portable alternative to force plates. Although their demonstrated
potential, the functional interpretation of these methods remains limited, and no standard approach exists for
inertial signal processing.

This work aims to analyse and compare GRF- and IMU-based metrics (obtained from a single IMU positioned
on the trunk at L5 level) in characterising postural control performance in 21 healthy participants on varying
surface (i.e. solid ground and three foams of different stiffness) and visual (eyes open/closed) conditions,
concurrently analysing how results are affected by different filtering cut-off frequencies.

In line with existing literature, GRF signals were lowpass-filtered at 10 Hz, while IMU signals at 0.5 Hz, 3.5 Hz,
5 Hz (i.e. band-width containing 95 % of the signal power), and 10 Hz. Time- and frequency-domain postural
parameters were extracted from GRF and IMU signals.

Correlations between GRF- and IMU-based metrics resulted weak to moderate (0<|p|<0.7). Both GRF- and
IMU-based metrics showed increased postural oscillations on foam surfaces, but opposite behaviours in fre-
quency, with no significant difference among different foam types. GRF-based metrics highlighted higher
postural oscillations under eyes-closed conditions, especially on foam, whereas IMU-based metrics showed no
significant change except for range and root mean square displacement in the medio-lateral direction that
decreased with eyes closed (e.g., 5 Hz low pass filtered IMU signal: on foam, median root mean square, with eyes
open [25th-75th], 0.08 [0.05-0.12]; with eyes closed, 0.04 [0.03-0.06]).

Although describing the same behaviour, GRF- and IMU-based metrics capture different aspects of postural
control: based on the inverted pendulum model, GRF-based metrics describe the postural adjustments, while
IMU-based ones the postural performance.

1. Introduction

Postural control is defined as the ability to sustain, achieve, or regain
balance during any posture or activity (Pirini et al., 2018). Effective
postural control is essential for performing daily activities, necessitating
the integration of information processed by the somatosensory, visual,
and vestibular systems to maintain a stable, upright posture with
adaptive orientation and balance strategies (Pirini et al., 2018). This
integration requires a complex interaction between sensory and motor
systems to manage the body’s multi-segmental structure and limb co-
ordination. Consequently, conditions that disrupt or alter propriocep-
tion, vision, and/or vestibular functions (e.g., neuropathy, visual
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impairments, and inner ear disorders) can significantly impair postural
control performance (i.e. postural sway). Experimentally, methods
aiming to reproduce these altered conditions are often used to test
postural control, allowing the investigation of sensory integration in
healthy and pathological subjects (Paillard and Noé, 2015). In such tests,
postural sway performs better when subjects have access to multiple
accurate sensory sources for orientation (e.g., standing on a flat, level
surface with eyes open), as all sensory systems provide consistent in-
formation. When the eyes are closed or while standing on a compliant
foam surface, visual and proprioceptive cues are respectively removed
or distorted, leading to increased sway, highlighting the role of vision
and proprioception in maintaining balance (Peterka, 2018).
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The standard method for postural sway assessment is to measure and
record the trajectory of the centre of pressure (CoP) using a force plate
during quiet standing. This approach is based on the assumption that the
trajectory of the CoP (i.e., the point of application of the resultant
ground reaction force (GRF)) is the result of the dynamic neuromuscular
response to control the position of the body’s centre of mass (CoM).

Based on this assumption, various GRF-based metrics have been
proposed to characterize the mechanisms involved in postural regula-
tion (Paillard and Noé, 2015), calculated either on the statokinesigram
(CoP trajectory map in the horizontal plane) or on the stabilogram (time
series variations of the CoP in the antero-posterior (AP) and medio-
lateral (ML) directions) in both the time and frequency domains.

Time-domain variables characterize the magnitude of the resultant
and/or the ML and AP components of the CoP trajectory. Typically,
greater magnitudes or deviations of these variables are associated with
poorer postural stability (Paillard and Noé, 2015). Frequency-domain
parameters (e.g., mean, median, centroid, and 80-95 % power fre-
quency) provide an overall representation of the CoP signal’s frequency
content. Higher postural sway frequencies are interpreted as postural
control determining faster and smaller postural adjustments (Paillard
and Noé, 2015). Total power frequency is considered an index of energy
expenditure, and changes in the distribution of frequency bands may
reflect modifications in the preferential involvement of specific neuronal
loops in postural regulation (Paillard and Noé, 2015).

These variables have been found to be sensitive in differentiating
young and old individuals, as well as healthy subjects from neurologi-
cally impaired patients, allowing for the quantification and analysis of
postural deficits (Paillard and Noé, 2015). However, the portability of
force platforms is limited and not suitable to any ambulatory condition
(Mancini et al., 2012), therefore, inertial measurement units (IMUs)
have been proposed as a truly portable, low-cost alternative to force
platforms for studying postural control (Ghislieri et al., 2019; Mancini
et al., 2012).

IMU-based posturography utilizes acceleration data (ACC) from
sensors attached to the body, the most common sensor location being on
the back at L5 level, assuming that it approximates of the centre of mass
(CoM) acceleration (CoM-ACC) during standing (Ghislieri et al., 2019).
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Various frequency- and time-domain metrics are then directly extracted
from the collected ACC signal: most IMU-based metrics proposed in the
literature are derived from GRF-based ones and are applied, with the
same mathematical formulation, on ACC signals (Ghislieri et al., 2019;
Mancini et al., 2012; Palmerini et al., 2011), despite being conceptually
different signals. For example, time-domain postural parameters have
spatial properties because the CoP represents a displacement, yet they
are applied directly to trunk ACC (approximating CoM-ACC), even
though it conveys different information (Ghislieri et al., 2019).

Understanding how CoP trajectory relates to CoM-ACC, thus, how
GRF-based metrics relate to IMU-based ones, is essential for the func-
tional interpretation of the results of both approaches. Based on the
inverted pendulum model of quiet standing (Winter, 1995) (see Fig. 1),
CoM-ACC in the horizontal plane is proportional to the difference be-
tween CoP and CoM position (Gage et al., 2004; Winter, 1995). There-
fore, GRF- and IMU-based metrics may have a similar mathematical
formulation, but, being applied to CoP trajectory and to (an approxi-
mation of) CoM-ACC, respectively, they quantify different aspects of
posture, hindering direct comparison between the two methods
(Noamani et al., 2023). According to the literature (Ghislieri et al.,
2019), as long as IMUs allow to quantify relevant information to char-
acterize postural balance, the lack of direct comparability with tradi-
tional GRF-based metrics can be considered inconsequential (Ghislieri
et al., 2019; Mancini et al., 2012).

Winter suggested that CoM-ACC might be even a more effective
measure of postural sway, as it represents the error signal within the
postural control system (Noamani et al., 2023; Winter, 1995). However,
to date, IMU-based posturography has primarily been used to differen-
tiate populations (e.g. young vs elderly adults, healthy vs parkinsonians,
parkinsonians on vs off therapy), rather than to develop hypotheses for
the functional interpretation of the resulting metrics (Ghislieri et al.,
2019).

Before attempting to provide a physiological interpretation of IMU-
based posturographic metrics, literature review highlights several gaps
and topics that need to be addressed by future research (Ghislieri et al.,
2019; Noamani et al., 2023). In particular, comparative sensitivity of
GRF- and IMU-based metrics to testing conditions and processing must
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Fig. 1. On the right, schematic representation of the simplified inverse pendulum model for quite standing posture and corresponding differential equation for
dynamics control: CoM is the centre of mass (of the whole body of mass M, approximating that of the body minus the feet); CoP is the centre of pressure (point of
application of the resultant ground reaction force); L is the length of the pendulum corresponding to the distance between the centre of the ankle and the CoM); g is
the gravitational acceleration; I is the moment of inertia of the body (minus the feet) with respect to the centre of the ankles. On the left, exemplificative ACC and CoP

statokinesigrams.
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Table 1

The dimensions, density and elastic modulus of the foam blocks used in this study.
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Foam Dimensions, length x width x height Density (kg/ Elastic modulus 1st derivative of the stress-strain curve in the densification
material (cm) m3) (kPa) region (kPa)

Soft (SF) 30 x 53 x 10 28.6 32.8 465

Medium (MF) 30 x 53 x 10 24.8 51.9 347

Firm (FF) 30 x 53 x 10 25.1 139.2 344

be assessed, and acquisition and processing protocols require
standardisation.

Regarding protocols, there is no consensus on the filtering of ACC
signal, most postural oscillations occur at low frequencies, but different
upper bandwidth limits have been used in IMU-based studies, ranging
from 0.5 Hz to no filtering (Dalton et al., 2013; Ghislieri et al., 2019).
Palmerini et al. (Palmerini et al., 2011) suggested using a 0.5 Hz low-
pass filter to estimate CoM displacement from trunk acceleration data.
Other studies have employed a 3.5 Hz or 3 Hz cut-off frequency, initially
proposed to remove tremor-related accelerations in Parkinson’s pa-
tients, but subsequently applied to other populations (Gera et al., 2018;
Huisinga et al., 2018; Mancini et al., 2012). In the literature, some
studies used higher cut-off frequencies: in particular one used 30 Hz,
based on the observation that more than 95 % of the signal power was
below 15 Hz in adults (Reynard et al., 2019) and one analysed raw ac-
celeration signal to ensure that no information was lost or altered
(Dalton et al., 2013). However, it is important to note that both of these
studies examined, with the same filtering procedure, not only motor
performance during quiet standing but also during other tasks, such as
standing on one leg or a rocking board (Reynard et al., 2019) and gait
(Dalton et al., 2013). Clearly, as filtering methods may influence results
(Miller et al., 2022), further investigation is required.

In addition, to verify how IMU-based metrics perform with respect to
the standard GRF-based ones and to better understand their functional
interpretation, it is necessary to assess their potential to detect mild
changes in postural control performance in response to different oper-
ative conditions of the same population. Thus, the aim of the present
work was to compare IMU- and GRF-based posture metrics, in both time
and frequency domain, in a population of young healthy adults for
changing visual and surface conditions, concurrently analysing how
results are affected by filtering of ACC signal.

2. Materials and methods
2.1. Study subjects

Twenty-one healthy adults (11 females / 10 males, age 24 + 3 years,
height 1.71 + 0.1 m, body mass 64 + 10 kg, BMI 24 + 3 kg/m?)
participated in the study. All participants had no known musculoskeletal
pathology, severe visual or hearing impairment. The Review Board
Committee of the authors’ institution approved this study, and informed
consent was obtained from the participants.

2.2. Experimental protocol

The participants were assessed wearing comfortable clothes. The
assessment took place in a well-lit and ventilated room with adequate
heat and sound. Participants were instructed to stand on a force-
platform (type 4060-08, Bertec, USA), barefoot, with their arms
hanging at their sides and their feet positioned conformably under their
hips. Each participant was allowed to externally rotate their feet to a
comfortable extent (Mcllroy and Maki, 1997). The self-selected distance
between heels was measured and maintained across different conditions
analysed. A tri-axial wireless inertial sensor (Miniwave, Cometa s.r.l.,
Italy) was positioned on the lower trunk at the L5 level using tape, with
sensing axes oriented along the anatomical vertical (V-x), medio-lateral
(ML-y), and antero-posterior (AP-z) directions.

3D IMU acceleration (286 Hz sampling frequency; 2 g full scale) and
3D GRF (800 Hz sampling frequency) signals were acquired for 60 s
during quiet standing posture of each subject 8 times:

e over 4 surfaces: solid surface (no foam, NF) and three foam blocks of
increasing stiffness (Patel et al., 2008) - soft foam (SF), medium foam
(MF), firm foam (FF) (characteristics of the foams are reported in
Table 1);

e with eyes open (EO) and with eyes closed (EC) on each surface.

A trigger signal generated by IMU system was registered at the
beginning of each trial for synchronization.

The sequence of surface conditions was randomized to minimize
potential order effects. To prevent fatigue, a 2-minute rest period was
planned among tests. During the EO condition, participants were
instructed to fix their gaze straight ahead on a cross-shaped target placed
2.5 m away at eye level.

Participants were asked which foam they found most task-
demanding, without being provided any information about stiffness.

2.3. Data analysis

The first 10 s of each trial were discarded to avoid transients and 40 s
of time recordings were analysed.

To enhance comparisons with the most used sampling frequency in
literature (Ghislieri et al., 2019), all collected signals were resampled at
100 Hz after applying a 4th-order zero-lag Butterworth low-pass filter
with a cut-off frequency of 50 Hz to prevent aliasing.

Thirteen GRF- and IMU-based postural metrics in the time and fre-
quency domain were identified from literature review (Mancini et al.,
2012). Table 2 provides a brief description of each metric (Mancini
et al., 2012; Palmerini et al., 2011) and the direction along which they
were computed (AP, ML, and/or 2D vector’s magnitude, module).
Further details on time domain metrics calculation are provided in the
Appendix.

The CoP trajectory recorded by the force-plate was filtered using a 10
Hz cut-off, fourth-order, zero-phase, low-pass Butterworth filter
(Quijoux et al., 2021).

The vertical component of trunk acceleration was neglected
(Mancini et al., 2012; Palmerini et al., 2011), as postural sway occurs
mainly in the transverse plane.

All time and frequency domain metrics were calculated from 10 Hz
filtered CoP trajectory and raw acceleration components (ACC_raw in
AP and ML directions) for each subject and each testing condition.

The maximum value of frequency containing 95 % of the power of
ACC_raw (for all trials in both AP and ML directions, including all par-
ticipants and all conditions) was calculated (f95max).

ACC_raw signal components in AP and ML directions were lowpass-
filtered (using a fourth-order, zero-phase, low-pass Butterworth filter) at
the following cut-off frequencies: 0.5 Hz (ACC_0.5), 3.5 Hz (ACC_3.5),
f95max (ACC_f95), and 2*f95max (ACC_2f95).

Only time domain metrics were also calculated from ACC_0.5,
ACC_3.5, ACCf95, ACC_2f95 for each subject and each testing
condition.
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Table 2

Analysed postural metrics, in the columns are reported from left to right:
acronym, domain, brief description (Mancini et al., 2012; Palmerini et al.,
2011), direction along which they were computed (AP, ML, and 2D vector’s
magnitude, module).

Measure  Domain Description Directions
F50 frequency 50 % power frequency: frequency module, AP,
containing 50 % or the total power ML
F80 frequency 80 % power frequency: frequency module, AP,
containing 80 % or the total power ML
F95 frequency 95 % power frequency: frequency module, AP,
containing 95 % or the total power ML
PWR frequency  Total power module, AP,
ML
CF frequency  Centroidal frequency: the frequency at module, AP,
which spectral mass is concentrated ML
FD frequency  Frequency dispersion module, AP,
ML
DIST time Mean distance from the center of signal module, AP,
trajectory ML
RMS time Root mean square of signal time series module, AP,
ML
PATH time Sway path, total length of signal module, AP,
trajectory ML
RANGE time Range of displacement module, AP,
ML
MV time Mean Velocity module, AP,
ML
MF time Mean frequency, the number, per second, module
of loops that have to be run by CoP/ACC,
to cover a total trajectory equal to PATH
(MF = PATH/(2*n*DIST*trial duration)
AREA time area spanned from the 2D signal vector module

per unit of time

2.4. Statistical analysis

A Kolmogorov-Smirnov test was performed to test normal distribu-
tion of the estimated parameters, and normal distribution was not
verified.

Spearman’s correlation coefficients, p, (significance level 0.05) were
calculated comparing GRF- to IMU-based results for each metric. For
frequency domain parameters only ACC_raw was considered; for time-
domain parameters, GRF-based were compared to IMU-based results
also for ACC_0.5, ACC_3.5, ACC_f95, ACC_2f95. Spearman’s correlation
coefficients were interpreted according to Schober et al. (Schober et al.,
2018) using the following thresholds: no correlation (|p|< 0.1), weak
correlation (0.1 < |p|< 0.4), moderate correlation (0.4 < |p| < 0.7), and

Journal of Biomechanics 185 (2025) 112687

strong correlation (|p| > 0.7).

A Scheirer-Ray-Hare test (significance level 0.05) was applied to test
the effect of surface and visual condition on GRF- and IMU-based met-
rics. In absence of interaction between surface and visual conditions, the
subsequent statistical analysis was performed separately per factor.

A Kruskal-Wallis test (significance level 0.05) was performed to test
the effect of surface conditions on GRF- and IMU-based metrics, for EO
and EC conditions, separately. When a significant effect was detected, a
multiple comparison test (Hochberg and Tamhane, 2008) was used to
determine which specific condition resulted significant. A Dunn-Sidak
correction was applied for post-hoc analysis.

To test differences between EC and EO conditions, a Wilcoxon signed
rank test for repeated measures was applied on the entire dataset and for
the different surface conditions separately (significance level 0.05).

Data processing and statistical analyses were performed in MAT-
LAB2023a (MathWorks BV, Natick, MA).

3. Results
3.1. Frequency content of CoP and ACC signals

F95 calculated on CoP trajectory ranged between 0.6 Hz and 2.1 Hz,
F80 between 0.3 Hz and 1.4 Hz, and F50 between 0.2 Hz and 0.9 Hz. F95
calculated on ACC_raw ranged between 3.4 Hz and 4.9 Hz, F80 between
1.5 Hz and 4.2 Hz, and F50 between 0.5 Hz and 2.6 Hz. Since maximal
F95 for IMU-signals resulted 4.9 Hz, f95max was approximated to 5 Hz.

Fig. 2 shows F95, F80, and F50 calculated on a) CoP trajectory and
on b) ACC_raw in the different conditions. Detailed numerical values for
each condition are shown in Table S1 (supplementary material).

3.2. GRF- and IMU-based metrics

Distribution of frequency and time-domain metrics (25th, 50th and
75th percentiles) obtained from the different analysed signals (i.e., CoP,
ACC_raw, ACC_2f95, ACC_f95, ACC_3.5 and ACC_0.5) and for the
different conditions (surface conditions: NF, SF, MF, FF; visual condi-
tion: EO, EC) are reported in the supplementary material (Table S1).

3.3. Correlation between GRF- and IMU-based metrics

In the frequency domain, only power parameters (PWR, PWR AP,
and PWR ML) demonstrated moderate positive correlations between the
ones calculated from CoP and the ones from ACC_raw (p = 0.45, 0.45,
and 0.57, respectively) (Table 3). Other parameters showed either weak
negative correlation (i.e., F50, F50 AP, F80, F80 AP, F95, FO5 AP, F95
ML, CF, CF AP, FD, FD AP) either no correlation (F50 ML, F80 ML, CF
ML, FD ML).

In the time domain, results showed significant positive correlations
(p > 0.1) for most parameters calculated using CoP and all acceleration
signals (i.e., DIST, DIST AP, DIST ML, RMS, RMS AP, RMS ML, RANGE,
RANGE AP, RANGE ML, AREA), except for: MF for all acceleration sig-
nals; PATH, PATH AP, PATH ML, MV, MV AP, and MV ML for ACC_raw
only. ACC_3.5 exhibited the highest number of moderate positive cor-
relations (p > 0.40). The only parameters showing positive weak cor-
relations were DIST AP, RMS AP, and RANGE AP. Table 3 presents the p
values for each parameter, calculated from CoP and the differently
filtered acceleration signals, considering all conditions together. 95 %
confidence intervals and p-values for each correlation coefficient are
provided.

3.4. Effect of surface condition
Refer to Table S1 for detailed numerical data.

3.4.1. Frequency domain parameters
Participants showed significantly increased GRF-based PWR, PWR
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Fig. 2. F50 (black), F80 (dark grey), and F95 (light grey) of the anteroposterior (AP) and mediolateral (ML) components of a) CoP and b) ACC in the different
conditions (no foam, NF, soft foam, SF, medium foam, MF, firm foam, FF, eyes open, EO, and eyes closed, EC).

AP, CF, and CF AP when standing on any foam. No other significant

difference was observed for other metrics.

When considering ACC_raw, PWR and PWR AP increased, while F50
(F50, F50 AP, and F50 ML), and CF (CF, CF AP, and CF ML) decreased

significantly on foam surfaces.

No difference was found with post-hoc analysis among the three

foams.

3.4.2. Time domain parameters

All GRF-based time-domain metrics increased when standing on a
foam, both with EO and EC, with the exception of MF that was not
affected. Post-hoc analysis revealed no difference among foams.

Similar results were observed for all time-domain metrics from IMU-
based signals (i.e., ACC_raw, ACC_2f95, ACC_f95, ACC_3.5, and
ACC_0.5), with the exception of PATH and MV from ACC_raw or
ACC_2f95 that did not show any effect of surface condition, and MF from
ACC_raw that decreased when standing on a foam.



Table 3
Spearman’s correlation coefficients (p) for each parameter: (a) frequency-domain and (b) time-domain, calculated on CoP and the differently filtered acceleration signals, considering all conditions together. For each
correlation coefficient, the 95 % confidence interval is shown in brackets, and p-values are provided. Values are displayed only when |p| > 0.1. Moderate correlations are highlighted in bold.

a)

ACC_raw p-value
F50 -0.19 [-0.33:-0.04] 1.5E-02
F50 AP -0.20 [-0.36:-0.06] 7.9E-03
F50 ML - —
F80 -0.23 [-0.37:-0.07] 2.9E-03
F80 AP -0.19 [-0.33:-0.04] 1.5E-02
F80 ML —
F95 -0.25 [-0.39:-0.09] 8.9E-04
F95 AP -0.29 [-0.43:-0.13] 1.3E-04
F95 ML -0.16 [-0.30:-0.02] 3.4E-02
PWR 0.45 [0.32:0.56] 1.2E-09
PWR AP 0.45 [0.34:0.58] 6.6E-10
PWR ML 0.57 [0.45:0.66] 9.7E-16
CF -0.25 [-0.41:-0.10] 9.4E-04
CF AP -0.32 [-0.46:-0.18] 2.2E-05
CF ML _ _
FD -0.11 [-0.25:0.03] 1.4E-01
FD AP -0.15 [-0.30:0.00] 5.6E-02

(continued on next page)
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Table 3 (continued)

a)

ACC_raw p-value
FD ML - —
b)
ACC_raw p-value ACC_2f95 p-value ACC_f95 p-value ACC3.5 p-value ACCL0.5 p-value
PATH - - 0.18 [0.03:0.33] 1.8E-02 0.42 [0.29:0.54] 1.3E-08 0.51 [0.38:0.62] 2.8E-12 0.62 [0.50:0.71] 3.1E-19
PATH AP - - 0.14 [-0.02:0.29] 6.9E-02 0.31 [0.16:0.44] 5.1E-05 0.41 [0.27:0.54] 2.7E-08 0.54 [0.41:0.65] 2.8E-14
PATH ML - - 0.17 [0.02:0.31] 2.5E-02 0.36 [0.21:0.49] 2.3E-06 0.44 [0.30:0.56] 3.6E-09 0.62 [0.52:0.71] 3.3E-19
DIST 0.40 [0.26:0.53] 7.8E-08 0.44 [0.31:0.56] 3.2E-09 0.44 [0.31:0.57] 1.8E-09 0.44 [0.31:0.56] 1.6E-09 0.38 [0.24:0.51] 3.4E-07
DIST AP 0.30 [0.16:0.43] 6.2E-05 0.33 [0.18:0.46] 1.3E-05 0.33 [0.20:0.46] 9.5E-06 0.33 [0.19:0.47] 9.8E-06 0.29 [0.14:0.42] 1.4E-04
DIST ML 0.50 [0.37:0.60] 6.7E-12 0.53 [0.42:0.63] 1.5E-13 0.54 [0.43:0.65] 2.9E-14 0.55 [0.44:0.64] 8.9E-15 0.57 [0.45:0.68] 3.7E-16
RMS 0.39 [0.25:0.52] 1.5E-07 0.42 [0.29:0.54] 1.2E-08 0.43 [0.29:0.55] 5.9E-09 0.43 [0.30:0.55] 4.2E-09 0.37 [0.23:0.50] 9.4E-07
RMS AP 0.31 [0.17:0.44] 5.3E-05 0.34 [0.19:0.47] 8.0E-06 0.34 [0.19:0.47] 9.0E-06 0.34 [0.19:0.46] 8.2E-06 0.30 [0.16:0.43] 9.6E-05
RMS ML 0.52 [0.40:0.62] 6.9E-13 0.55 [0.44:0.64] 1.1E-14 0.56 [0.45:0.65] 2.2E-15 0.57 [0.46:0.67] 3.9E-16 0.60 [0.48:0.69] 1.6E-17
RANGE 0.38 [0.23:0.50] 5.4E-07 0.35 [0.21:0.47] 4.2E-06 0.39 [0.26:0.51] 1.4E-07 0.41 [0.28:0.52] 4.4E-08 0.42 [0.29:0.55] 1.3E-08
RANGE AP 0.24 [0.10:0.38] 1.7E-03 0.20 [0.05:0.34] 1.1E-02 0.26 [0.12:0.39] 7.6E-04 0.28 [0.14:0.41] 2.8E-04 0.32 [0.18:0.46] 1.8E-05
RANGE ML 0.51 [0.38:0.62] 1.8E-12 0.53 [0.40:0.63] 1.5E-13 0.55 [0.43:0.65] 1.2E-14 0.58 [0.46:0.68] 2.8E-16 0.61 [0.51:0.71] 3.2E-18
MV - - 0.18 [0.03:0.32] 1.8E-02 0.42 [0.29:0.54] 1.3E-08 0.51 [0.37:0.62] 2.8E-12 0.62 [0.51:0.71] 3.1E-19

(continued on next page)
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Table 3 (continued)

6.9E-02 0.31 [0.15:0.43] 5.1E-05 0.41 [0.26:0.53] 2.7E-08 0.54 [0.41:0.65] 2.8E-14

0.14 [-0.01:0.29]

MV AP

2.5E-02 0.36 [0.21:0.48] 2.3E-06 0.44 [0.30:0.56] 3.6E-09 0.62 [0.51:0.71] 3.3E-19

0.17 [0.02:0.33]

MV ML

1.1E-06 0.51 [0.40:0.62] 1.2E-12 0.55 [0.44:0.65] 1.4E-14 0.57 [0.45:0.66] 1.4E-15 0.58 [0.47:0.68] 1.7E-16

0.37 [0.22:0.48]

AREA

MF
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Qualitatively, there was no consensus on which foam surface was the
most challenging, with 8 participants selecting FF, 7 selecting SF, and 6
selecting MF.

3.5. Effect of visual condition
Refer to Table S1 for detailed numerical data.

3.5.1. Frequency domain parameters

GRF-based PWR and PWR AP increased significantly in EC. No other
significant difference was found for the other frequency domain metrics
either GRF- or IMU-based.

3.5.2. Time domain parameters

GRF-based PATH and MV, in AP direction or in module, and AREA
were higher in EC condition regardless of the surface. Also, GRF-based
RANGE and RANGE AP were higher in the EC condition on all sur-
faces, but this difference was significant only when participants were
standing on foam.

For IMU-based metrics, the only significant differences were found
on DIST ML and RMS ML for ACC_f95, ACC_3.5, and ACC_0.5 that
decreased in EC when standing on a foam.

Exemplificative results are shown in Fig. 3 for AREA, MV, and RMS
ML.

4. Discussion

The quantitative analysis of posture by means of metrics computed
from GRF data has become a reference for the investigation of postural
performance during standing and of the physiological mechanisms un-
derlying postural control, in particular, for multisensory integration
(Paillard and Noe, 2015). In recent years, due to their ease of use and
portability, IMUs have been proposed as an alternative to force platform
for postural assessment, but, although their recognised potential in
identifying postural alterations, still, functional interpretation of IMU-
based postural metrics is critical, and understanding of the influence
of testing and processing procedures, filtering in particular, is lacking.

This study compared GRF- and IMU-based posture metrics in healthy
adults for changing visual and surface conditions, concurrently ana-
lysing how results are affected by filtering of trunk ACC (approximating
CoM-ACC), aiming to provide a better understanding of functional
interpretation of IMU-based metrics and their sensitivity to operative
conditions.

In the literature, low-pass filtering used for IMU-based metrics
calculation ranges from 0.5 Hz to no filtering at all (Dalton et al., 2013;
Ghislieri et al., 2019). As related to the power content of the raw IMU-
based postural signal, Reynard et al. (Reynard et al., 2019) found F95
up to 15 Hz, using a sensor attached to the chest during a variety of
postural tasks, including standing on one leg and standing on a rocking
board. In the present study, analysing lumbar sensor placement during
standard standing posture, power analysis of ACC_raw showed
maximum values of 4.9 Hz for F95, of 4.2 Hz for F80, and of 2.6 Hz for
F50, while FO5 of GRF-based signal always remained below 2.1 Hz,
implying that standard 10 Hz low-pass filtering of GRF signals does not
produce any relevant loss of information. These results indicate that
filtering IMU-based postural signal below 5 Hz (approximating to
integer 4.9 Hz) will produce a significant loss in power, thus, potentially
implying a significant loss in the informative content of the acceleration
signal itself. On the other hand, the general requirement of a certain
degree of filtering when the sampling frequency is much higher than
signal maximal frequency, as in this study, is supported by the poor
correlation (see Table 2) between GRF- and IMU-based metrics for
ACC_raw and ACC_2f95 (cut-off frequency 10 Hz), that increase in
number of parameters and quality for ACC_3.5 and ACC_0.5.

Nevertheless, correlation between GRF- and IMU-based metrics
never resulted more than moderate for 8 out of 17 time-based
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Fig. 3. a) GRF-based and b) IMU-based AREA, MV, and RMS ML in the different conditions (no foam, NF, soft foam, SF, medium foam, MF, firm foam, FF, eyes open,

EO (in black), eyes closed, EC (in grey)).

parameters for ACC_f95 (cut-off frequency 5 Hz) (i.e., when all the
informative content of IMU-based signal is included in the analysis), and
for 13 and for 11 out of 17 for ACC_3.5 and ACC_0.5 respectively, with
slightly higher p values for the latter. These results seem to support the
hypothesis that, although describing the same behavior (i.e. postural
control), GRF- and IMU-based metrics target different specific mani-
festations of postural control that, according to the inverse pendulum
approximation (Gage et al., 2004; Winter, 1995) can be described as: i)
the trajectory of CoP for GRF-based metrics; ii) the CoM-CoP distance
(proportional to CoM-ACC) for IMU-based metrics.

When examining the effects of surface and visual conditions,
generally, both GRF- and IMU-based metrics resulted to be significantly
affected by foam and EC. Nevertheless, how these operative conditions
affected metrics calculated in the time and frequency domain differed
for GRF- and IMU-based ones.

Considering frequency metrics, for instance, only GRF-based PWR,
PWR AP, CF, and CF AP showed a significant change, specifically an
increase for all, when standing on foam, independently on the type of
foam, while among IMU-based metrics, similarly, PWR and PWR AP
showed a significant increase, but F50 and CF decreased in both AP and

ML directions. This relevant difference highlights the change in target of
the metrics calculated on different signals: when standing on foam, the
oscillation of the CoP increases both in amplitude and frequency power
distribution over the same range in the AP direction, while the oscilla-
tion of the CoM-CoP distance (related to CoM-ACC) increases in
amplitude in the AP direction, while becoming slower in both AP and ML
directions. This interpretation is supported also by the results in the time
domain, where both GRF- and IMU-based metrics increase, except for
MF, non-changing for GRF-based and decreasing for IMU-based; PATH
and MV showing no foam effect only for Acc_raw and Acc_2f95, possibly
due to lower signal to noise ratio.

The absence of significant differences in post-hoc analysis among
different foam surfaces, similarly to previous research (Patel et al.,
2008), suggests that, although differences in stiffness are perceived
subjectively, once a certain level of surface instability is introduced,
further changes in foam stiffness do not proportionally affect postural
control (i.e. CoP sway and associated CoM-CoP distance dynamics) in
young healthy subjects.

When analysing EO versus EC conditions, CoP-based PATH, MV,
RANGE, calculated bi-dimensionally and on the AP axis, and AREA
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increased in EC condition, particularly on foam surfaces, as expected
(Huang et al., 2022). Conversely, ACC-based metrics did not show sig-
nificant differences between the two visual conditions, except for DIST
ML and RMS ML that decreased in the EC condition when participants
stood on foam. Here again, the change in motor strategy (i.e. CoP dy-
namics) for the maintenance of balance is described by GRF-based
metrics, while IMU-based ones describe the resulting control action as
CoM-CoP dynamics, being CoM-CoP distance the error signal within the
postural control system (Noamani et al., 2023; Winter, 1995).

By interpreting results from this perspective, the foam surface results
to impact both motor performance (i.e. GRF-based metrics) and control
system performance (i.e. IMU-based metrics), but in different ways (i.e.
increase in amplitude for both, but decrease in frequency for the latter):
in young healthy adults, the lack of visual input leads to postural per-
formance adjustments, as shown by increased GRF-based metrics, effi-
ciently preserving control system performance (i.e. unvaried IMU-based
metrics) in terms of CoM-CoP distance maintenance in AP direction, and
reduction in ML one (i.e. IMU-based DIST and RMS) under EC + foam
condition.

Present results highlight how both GRF- and IMU-based metrics can
serve as descriptors of postural control, but rather than being alterna-
tive, they can be considered complementary measures, in the analysed
operative conditions (i.e. comfortable standing posture with the feet
under the hips, subjects that exhibit an ankle strategy): GRF-based ones
describing the integral effect of the motor strategy implemented by
postural control; IMU-based ones the resulting control performance

Appendix
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(Noamani et al., 2023; Winter, 1995). This interpretation cannot be
generalised to different postural assessment conditions, such as tandem
and/or standing on one foot, where a CoM control strategy can come
into play, and for which further analysis is required (Morasso, 2020).

From a methodological point of view, future studies must aim to
standardise IMU-signal filtering to support proper interpretation and
allow comparability and integration of future results. Based on the
present findings, when analysing young healthy adults in static posture
with IMU-sensor at lumbar level, a 5 Hz cut-off frequency resulted to
allow noise reduction maintaining 95 % of the power of the signal.

In conclusion, although limited to the analysis of postural control in a
population of young healthy adults for varying surface and visual con-
ditions, this study highlighted the importance of the filtering of IMU-
based signals for the proper interpretation of the resulting postural
metrics, and the potential of GRF- and IMU-based metrics integration for
a better understanding of postural control. Future works should analyse
different populations (e.g., elderly, pathologic), and/or postural tasks
and testing conditions to identify differences in postural adjustments
and control performance, after performing a frequency analysis of the
IMU-signal to determine the appropriate cut-off frequency for filtering.
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Description of time domain metrics calculation (Mancini et al., 2012; Prieto et al., 1996).
First, the target signal (ACC or CoP) components along AP and ML were detrended (Xd) by subtracting the trial-specific mean (X):

Xdi :Xi—i

where i represents the i-th frame.

The following description is provided for a general signal vector X (either CoP or ACC, component or vector’s magnitude). The specific components

on which the metrics were calculated are described in Table 2.

e DIST: Mean distance from the centre of signal trajectory.
1 E
DIST = P > (xdy)

i=1

Where nf represents the number of frames.

e RMS: Root mean square of signal time series

RMS = rms(Xd)

e PATH: Sway path, total length of signal trajectory
nf-1
PATH =) _ [Xd;;1 — Xdi|

i=1

e RANGE: Range of displacement
RANGE = max(Xd) — min(Xd)

10
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e MV: Mean Velocity

PATH

MV=—""7""—
trial duration

e MF: Mean frequency, the number, per second, of loops that have to be run by X (module), to cover a total trajectory equal to PATH

B PATH
"~ 2*g*DIST*trial duration

e Area: area spanned by X (module) per unit of time

Y1 Xd_api.; *Xd_ml; — Xd_ap;*Xd_ml;, |
2*trial duration

AREA:Z

Where Xd ap and Xd ml represent the detrended signal components along AP and ML direction, respectively.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.jbiomech.2025.112687.
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