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Abstract. We propose an approach for analysing the dynamics of human postural sway using measures
applied to study inhomogeneous temporal processes. Basically, we defined zero-crossings of center of pressure (COP) trajectories as events, obtained the sequence of interevent times and investigated the mean
interevent time, the burstiness coefficient and the full functional form of the interevent time distribution.
We applied this approach to data obtained for healthy young adults during quiet standing, under bipedal
and unipedal conditions. We found that the proposed COP-based measures are able to detect differences
between bipedal and unipedal postural sway temporal patterns, including the presence (or absence) of
burstiness. We discussed the potential of this analysis to quantify temporal patterns of postural sway.

1 Introduction
The control of standing involves the action of muscles
distributed over the whole body to make appropriate
posture adjustments to maintain balance. Postural sway
during human quiet standing is often quantified in an
empirical way by measuring the center of pressure (COP)
trajectories. The COP refers to the point of application
of the ground reaction force vector, whose movement is
closely related to the sway of the center of mass during quiet standing. Quantifying postural sway using COP
trajectories may have implications to understand neural
mechanisms of postural control [1]. Due to complexity
of the process, there are a number of COP-based measures, from sway size and mean sway velocity to more
sophisticated measures related to statistical mechanics
and non-linear dynamics [2–15].
In the present work, we propose new COP-based measures of postural sway using tools developed to study
inhomogeneous temporal processes. In this context, bursty
behavior refers to a temporal inhomogeneity characterized
by an intermittent pattern, where enhanced activity levels
over short periods of time are followed by long periods of
inactivity. This type of temporal pattern occurs in diverse
natural phenomena like earthquakes [16], solar flare activity [17], coronal mass ejections [18] and neuronal activity
a
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[19]. Bursty behavior also occurs in several aspects of
human dynamics – from communication [20–25] (e-mails,
phone calls, short messages, online activity) to violent conflicts [26,27] (war and terrorist attacks). In particular,
temporal inhomogeneities have been identified in reallife physical activity, describing how resting and active
periods are interwoven throughout daily life [28,29]. Measures to quantify bursty behavior include the burstiness
coefficient and the full functional form of interevent time
distributions [22].
In order to analyse the dynamics of human postural
sway, we mapped a given COP trajectory (decomposed
along the medio-lateral (ML) and anterior-posterior (AP)
directions on the horizontal plane) into a set of zerocrosssing events, from which we obtained the correspondent interevent times. Next, we computed (i) the mean
interevent time; (ii) the average burstiness coefficient; and
(iii) the average value of a stretched exponential fitting
parameter (to describe the full functional form of the
interevent time distribution). To illustrate the present
approach, we applied these COP-based measures to study
data obtained for health young subjects during quiet
standing, under bipedal and unipedal conditions. The
structure of this work is as follows. Section 2 explains
the experimental procedure and the process of obtaining interevent times from COP data. Section 3 contains
the results from the analysis of postural sway using tools
developed to study inhomogeneous temporal processes.
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In Section 4 we summarized and discussed the main
results.

2 Data and methods
COP data during quiet standing were collected for 20
healthy young adults. All subjects (with age between 20
and 28 years) participated voluntarily in the experiment
and gave their written informed consent prior to their participation, which was approved by the ethics committee of
the Universidade Estadual de Maringá, Brazil. During the
experiment, the subjects were asked to maintain a stable
position on a force platform (EMG System do Brasil) with
eyes opened. Ten 60-second trials were recorded for each
subject on three different conditions: bipedal, unipedal
right and unipedal left stance. The COP trajectories were
collected at acquisition rate of 100 Hz, filtered by a lowpass filter with a cut-off frequency of 20 Hz, and then
re-sampled at a frequency of 20 Hz. A total number of 600
trials (20 subjects, 3 conditions, 10 trials per subject at a
given condition) were obtained, corresponding to 10 hours
recording.
The components of the COP position in the ML and
AP directions, at time t, are represented by Xt and Yt ,
respectively. Typical normalized variables describing COP
trajectories are Xt − hXt i and Yt − hYt i, where hXt i and
hYt i are the average values of Xt and Yt calculated over
the whole period of a given trial. In order to remove
linear trends in the time series of the components, we
defined detrended components as xt = Xt − fX,t and yt =
Yt − fY,t , where fX,t and fY,t are linear (least squares) fits
of Xt versus t and Yt versus t, respectively, performed on
the whole time period of each 60-second trial.
Let xt and xt+δt be consecutive values of the ML
detrended component at times t and t + δt, respectively.
Here, δt = 0.05 seconds (since the re-sample frequency is
20 Hz). We defined interevent times, related to the reference level xt = 0, as τx = Nx δt, where Nx is an integer
representing the number of consecutive records for which
xt > 0 or xt < 0. Similarly, we defined interevent times
for the AP direction, related to the reference level yt = 0,
as τy = Ny δt, where Ny is the number of consecutive
records for which yt > 0 or yt < 0. For simplicity, the
interevent times for the ML or the AP direction will be
referred τ . Figure 1 shows the zero-crossing events for a
given 60-second trial of a representative subject, for the
bipedal condition in the AP direction. For comparison
with this bursty-looking data, we show the correspondent
time-shuffled data. In the shuffled procedure, all the zerocrossing events in a given trial are rearranged in time to
match an homogeneous Poisson process.

3 Results
First we investigated mean interevent times computed
for a given 60-second trial i of a subject k, defined as
µk,i = hτ i. Averaging over all trials of all subjects, we
P20
P20 P10
1
1
have µ = 20
k=1 µk = 200
k=1
i=1 µk,i . Figure 2 (see
also Tab. 1) shows µ computed for all conditions in both

Fig. 1. Zero-crossing events obtained from a 60-seconds trial of
a representative subject at bipedal condition in the AP direction (top) and the corresponding shuffled data matching an
homogeneous Poisson process (bottom).

Fig.P2. Analysis
of the mean interevent time µ, where µ =
20 P10
1
k=1
i=1 µk,i and µk,i = hτ i is the mean interevent
200
time (in seconds) computed over a given 60-seconds trial.
(a) The data are shown for the bipedal and unipedal (right and
left) conditions in the AP direction; (b) the same for the ML
direction. The error bars are 95% confidence intervals measuring subject-to-subject variability. Differences between bipedal
and unipedal conditions are statistically significant for both
directions with p < 0.01 (as indicated by the double asterisks).

directions. Basically, we found lower values of µ for the
unipedal stance condition (compared to the bipedal one) –
a result robust holding to both directions. For example, for
the ML direction we found µ = 0.94 second for the bipedal
condition and µ = 0.57 second for the unipedal right condition. We verified that the differences between bipedal
and unipedal conditions, measured by µ, are statistically
significant for both directions (p < 0.01).
In order to go beyond mean values, first we obtained
the burstiness coefficient defined as
Bk,i =

rk,i − 1
σk,i − µk,i
=
,
σk,i + µk,i
rk,i + 1

(1)

where σk,i is the standard deviation of τ computed over
a given 60-second trial and rk,i = σk,i /µk,i is the coefficient of variation [22]. Averaging over all trials, we
P20
P20 P10
1
1
have B = 20
k=1 Bk = 200
k=1
i=1 Bk,i . As shown
in Figure 3 (see also Tab. 1), we found B > 0 for all conditions in the AP direction and for the bipedal condition
in the ML direction. In constrast, we found B ' 0 for
the unipedal (right and left) condition in the ML direction. In the ML direction, the differences between bipedal
and unipedal conditions, measured by B, are statistically
significant (p < 0.01).
It has been suggested that the behavior of the burstiness
parameter in equation (1) may be affected by finite-size
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Table 1. Average values of the (i) mean interevent
times, µ; (ii) burstiness coefficients, B and B 0 ; and
(iii) the stretched exponential exponent, α. The averages
are computed for all trials and are shown with their 95%
confidence intervals (subject to subject variability). The
mean interevent times are given in seconds. We verified
that B ' 0, B 0 ' 0 and α ' 1 for the correspondent
time-shuffled data.
Bip

Unip R

Unip L

AP
µ
B
B0
α

1.38 ± 0.18
0.19 ± 0.04
0.25 ± 0.05
0.48 ± 0.05

0.80 ± 0.09
0.16 ± 0.03
0.19 ± 0.03
0.67 ± 0.05

0.91 ± 0.12
0.17 ± 0.03
0.21 ± 0.04
0.64 ± 0.05

ML
µ
B
B0
α

0.94 ± 0.19
0.23 ± 0.03
0.28 ± 0.04
0.48 ± 0.04

0.57 ± 0.07
0.01 ± 0.02
0.02 ± 0.03
1.09 ± 0.10

0.56 ± 0.05
0.02 ± 0.02
0.03 ± 0.03
1.04 ± 0.09

Fig. 3. Analysis
of the mean burstiness coefficient B, where
P20 P10
1
B = 200
k=1
i=1 Bk,i and Bk,i is the burstiness coefficient
computed over each 60-second trial. (a) The mean burstiness
coefficient are shown for the bipedal and unipedal (right and
left) conditions in the AP direction; (b) the same for the
ML direction. The error bars are 95% confidence intervals.
Differences between bipedal and unipedal conditions are statistically significant only for the ML direction, with p < 0.01
(as indicated by the double asterisks).

effects (due the finite number of events). An alternative
definition of burstiness that take finite-size effects into
account is
√
√
n + 1rk,i − n − 1
0
√
,
(2)
Bk,i = √
( n + 1 − 2)rk,i + n − 1
where n is the number of events in a given sequence (here
n is the number of zero-crossing events computed over a
given 60-second trial) and rk,i is the coefficient of variation
P20 P10
1
0
[30]. Table 1 shows B 0 = 200
i=1 Bk,i , which is
k=1
0
the average value of Bk,i for all subjects and conditions.
We verified that our results are robust to this distinct
definition of burstiness.
We also investigated the full functional form of the
interevent time distributions. First we defined normalized interevent times as τ 0 = τ /hτ i, where the average
is computed over a given 60-seconds trial. To improve
statistics, we joined records of τ 0 for all trials of a given

Fig. 4. Analysis of the full functional form of interevent time
distributions. (a) log Sk (τ 0 ) versus log τ 0 , where Sk (τ 0 ) is the
cumulative distribution (survival function) of the normalized
interevent time τ 0 . The data are shown for the subject k = 5
(bipedal condition in the AP direction) and for the corresponding shuffled data. The solid line is the maximum likelihood fit
to the stretched exponential distribution given by equation (3).
The fitting parameter αk for k = 5 is also shown. (b) The same
as in (a), but for the subject k = 11 (unipedal right in the
ML direction). (c) and (d) Averaged values of P
the stretched
20
1
exponential fitted parameters, α, where α = 20
k=1 αk . The
data are shown for all conditions in both directions. The error
bars are 95% confidence intervals. Differences between bipedal
and unipedal conditions are statistically significant for both
directions with p < 0.01 (as indicated by the double asterisks).

subject. We also computed, for each subject, a cumulative distribution (survival function) given by Sk (τ 0 ) =
R τ0
1 − 0 Pk (u)du, where Pk (τ 0 ) is the probability density
function (PDF) of τ 0 . We fitted the empirical data to the
stretched exponential distribution given by
Pk (τ 0 ) = ck e−(bk τ

0 αk
)

,

(3)

where ck is the normalization factor and bk and αk are
the parameters [31]. The normalization condition and
the condition for unit mean (hτ 0 i = 1) lead to ck =
√
bk αk /Γ[1/αk ] and bk = 22/αk Γ[(2 + αk )/2αk ]/2 π. Thus,
the distribution represented by equation (3) has only one
free parameter – the exponent αk [32]. We estimated
the parameter αk by using maximum likelihood
P20 method.
1
Averaging over all subjects, we have α = 20
k=1 αk .
Figures 4a and 4b show log Sk (τ 0 ) versus log τ 0 and the
corresponding stretched exponential fitted curves for representative subjects. The empirical curves are shown in
comparison with the corresponding curves for the timeshuffled data. Figures 4c and 4d (see also Tab. 1) shows α
for all conditions in both directions. We found that α < 1
for the bipedal condition in both directions and for the
unipedal condition in the AP direction. In constrast, we
found that α ' 1.0 for the unipedal condition in the ML
direction. The differences between bipedal and unipedal
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conditions, measured by α, are statistically significant
(p < 0.01) for both directions.
We performed a parallel analysis for time-shuffled versions of the data, corresponding to independent sequences
of events like in an homogeneous Poisson process. As
expected, we found B ' 0, B 0 ' 0 and α ' 1. No statistically significant differences (p < 0.01) between bipedal
and unipedal conditions were observed for the timeshuffled data. Furthermore, we verified that the main
results reported here are robust to variations in the resampled frequency of the data, holding to frequencies of
(100/4) = 25 Hz, (100/6) Hz, (100/7) Hz and (100/8) =
12.5 Hz.

4 Discussion
In the present study, we propose new COP-based measures
to characterize postural sway temporal patterns – mean
interevent times, µ; the averaged burstiness coefficient, B;
and the averaged stretched exponential fitting parameter,
α. We applied this approach to data obtained for healthy
young adults during quiet standing, under bipedal and
unipedal conditions. Next, we summarized and discussed
our main results.
We found smaller values of µ for the unipedal (right
and left) condition in comparison with the bipedal one –
a result that holds for both directions. This finding indicates higher frequency oscillations around the origin (xt =
0 and yt = 0) for the unipedal condition. In a previous work on postural sway during quiet stance using a
distinct time measure – the time of transition from persistent to antipersistent behavior of COP trajectories – a
similar result was found (smaller times for the unipedal
condition) [10]. These results are consistent with the relatively greater postural instability typically observed in
the unipedal condition.
By definition, the burstiness coefficient Bk,i ranges from
1 (the most bursty data) to −1 (a completely regular or
periodic data). The case Bk,i = 0 (neutral data) corresponds to a random activity pattern with exponentially
distributed interevent times like an homogeneous Poisson
process [22]. We found B > 0 for the bipedal condition
in both directions (B ' 0.2) and for the unipedal (right
and left) condition in the AP direction (B ' 0.15), suggesting bursty behavior. In contrast, we found B ' 0 for
the unipedal (right and left) condition in the ML direction
suggesting a random activity pattern. For comparison, it
has been reported burstiness coefficients around 0.2–0.4
for human activities like email and phone communication
[22], and around 0.4 for real-life physical activity [29]. In
contrast, negative burstiness coefficients (pointing to more
regular temporal patterns) have been reported for the
time intervals between consecutive heartbeats for health
subjects (around −0.7) [22].
The stretched exponential fitting parameter αk gives
information on the full functional form of the interevent
time distributions. For αk = 1, Pk (τ 0 ) gives an exponential distribution suggesting that the probability of an
event is time-independent as in the Poisson process. For
αk < 1, Pk (τ 0 ) have tails fatter than those expected for
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an exponential distribution being consistent with bursty
behavior. The smaller the parameter αk is, the burstier
is the data. In the limit αk → 0, Pk (τ 0 ) approaches a
power-law with an exponent −1. For αk > 1, Pk (τ 0 ) is narrower than an exponential distribution being consistent
with anti-bursty behavior (regular or periodic data). The
larger αk is, the more regular is the data. For αk → ∞,
Pk (τ 0 ) converges to a Dirac delta function, indicating that
all events are equally spaced in time [22]. Here we found
α < 1 for the bipedal condition in both directions (around
0.5) and for the unipedal condition in the AP direction
(around 0.65). These findings indicate that the tails of the
interevent time distributions are heavier than an exponential curve reinforcing the presence of bursty behavior. In
contrast, we found α ' 1 for the unipedal condition in
the ML direction, pointing to an interevent time distribution close to an exponential curve pointing to a random
activity pattern.
By using the measures proposed here to quantify postural sway, we found small differences between unipedal
right and unipedal left conditions, but these differences
are not statistically significant. This finding suggests that
there is no remarkable difference when individuals use
their left or right foot to maintain upright stance. Similar results were found, for instance, in references [10,33]
by using other COP-based measures.
According to our findings, postural sway during quiet
standing of health young adults in the unipedal condition
(in comparison with the correspondent bipedal condition)
presents (i) a decrease of mean interevent times in both
directions; (ii) a severe decrease of burstiness for the ML
direction; and (iii) a slight decrease of burstiness for the
AP direction. A possible explanation for these results may
include aspects of neural control and biomechanics [11].
For example, quiet standing requires specific sensorimotor
skills like for the integration of the different sensory inputs
by the central nervous system and the production of the
adequate muscular responses. For the unipedal condition,
the time required for these data processing is reduced. Furthermore, in the unipedal condition there is a reduction
of the size of the base of support and the use of different
muscular groups which are triggered to aid in the process
of equilibrium.
In this work, we proposed and applied interevent timebased measures to study postural sway for health young
subjects during quiet standing. The proposed measures
were capable to detect differences between bipedal and
unipedal postural sway patterns, including the presence
(or absence) of burstiness in the dynamics of postural sway. A natural extension of this work would be
to apply the proposed measures to characterize postural
sway dynamics in other experimental conditions – like eyes
closed and unstable surfaces. We also hope this approach
will prove useful to study postural sway temporal patterns
in the presence of aging, Parkinson’s disease, chronic ankle
instability, among others.
Finally, we stress that the present database can be analysed in various ways, not only by using interevent time
distributions and its burstiness coefficient. For example,
the memory coefficient and the distribution of the number of events in a bursty period are measures that have
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been recently used to characterize inhomogeneous temporal processes [22,25,34]. It would be desirable to use
them in future works to study postural sway. In addition, another analogies or differences between postural
sway patterns and natural phenomena that show bursty
behaviour, like earthquakes and solar flares, could be
explored. In earthquake-like phenomena, temporal correlations are mostly controlled by aftershocks (or afterflares
in the case of solar flares) [35–37], the size distribution of
events obeys a power law and the interevent time distribution obeys a scaling pattern [16,38]. Future works could
investigate postural sway patterns under these focuses.
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