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Abstract
A planar stick balancing task was investigated using stabilometry parameters (SP); a concept initially developed to assess the
stability of human postural sway. Two subject groups were investigated: 6 subjects (MD) with many days of balancing a 90cm
stick on a linear track and 25 subjects (OD) with only one day of balancing experience. The underlying mechanical model is
a pendulum-cart system. Two control force models were investigated by means of numerical simulations: (1) delayed state
feedback (DSF); and (2) delay-compensating predictor feedback (PF). Both models require an internal model and are subject
to certainty thresholds with delayed switching. Measured and simulated time histories were compared quantitatively using a
cost function in terms of some essential SPs for all subjects. Minimization of the cost function showed that the control strategy
of both OD and MD subjects can better be described by DSF. The control mechanism for the MD subjects was superior in
two aspects: (1) they devoted less energy to controlling the cart’s position; and (2) their perception threshold for the stick’s
angular velocity was found to be smaller. Findings support the concept that when sufficient sensory information is readily
available, a delay-compensating PF strategy is not necessary.

Keywords Human balancing · Reaction delay · Delayed feedback · Stabilometry · Certainty threshold

1 Introduction

Neuroscientists often take for granted the hypothesis that
the nervous system uses an internal model to predict the sen-
sory consequences of amovement (Jordan 1996; Huang et al.
2018) Internalmodels can either be used to generate a desired
motion by feedforward motor commands based on inverse
dynamics in an open-loop mechanism (often referred to as
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feedforward model) (Jordan 1996; Kawato 1999; Wolpert
and Ghahramani 2000) or to design a feedback loop for error
correction (Wolpert et al. 1995; Jordan 1996; Mehta and
Schaal 2002). In the latter case, internal model is used either
to design control gains for optimal error-correcting feedback
control, or to predict the outcome of an action before sensory
feedback is available by integratingmotor efference copies in
order to reduce the effect of feedback delays (Wolpert et al.
1995; Jordan 1996; Todorov and Jordan 2002; Mehta and
Schaal 2002).

Stick balancing is a voluntary motor skill in which
theoretical predictions for the stabilization of an inverted
pendulum can be evaluated experimentally (Reeves et al.
2013; Gawthrop et al. 2013; Yoshikawa et al. 2016). Longer
sticks are easier to balance than shorter ones. This observa-
tion emphasizes that a time delay, τ , plays a major role in
the feedback control (Milton et al. 2016; Insperger and Mil-
ton 2021). The presence of a time delay means that sensory
information obtained in the past is used to generate corrective
actions made in the present.

The important question is to determine the nature of the
feedback control action. Delayed state feedback (DSF) con-
trollers feed back information about the state as determined
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by its position, velocity and acceleration measured at time
t−τ . On the other hand, internal-model-based predictor feed-
back (PF) controllers predict the actual state of the system at
time t based on the known delayed state information at time
t − τ and the known control command history over the inter-
val between t − τ and t (Insperger and Milton 2014, 2021;
Krstic 2009).

What are the factors that determine whether the nervous
system uses a PF strategy or DSF to control a motor task?
A simple hypothesis is that the nervous system uses PF to
control a motor task whenever the relevant sensory informa-
tion cannot adequately be measured. Here we examine the
hypothesis in the context of human stick balancing (Insperger
and Milton 2021). We demonstrate that PF is not necessary
for balancing tasks when sufficient sensory information is
available to the nervous system. In such cases, DSF with
delayed feedback motor commands is sufficient.

A previous study demonstrated that for stick balancing
at the fingertip, expert stick balancers use PF (Milton et al.
2016). For stick balancing at the fingertip there is a large sen-
sory dead zone in the anterior-posterior (AP) direction that
primarily arises because of limitations in depth perception.
Here we minimize the effects of depth perception by identi-
fying the feedback for stick balancing on a linear track. For
linear track stick balancing, the movements are confined to
the medio-lateral (ML) direction. A consequence is that sen-
sory dead zones are much smaller. This balancing task has
been extensively studied previously in order to determine
the nature of the perceptual information used by the nervous
system and to examine coordination dynamics (de Guzman
2004; Treffner and Kelso 1999; Foo et al. 2000). However,
to our knowledge the nature of the feedback has not yet been
identified for this task.

In this paper, a mechanical model for stick balancing on a
linear track shown in Fig. 1 is developed. The state of the stick
as well as the cart are fed back into the control loop. Feeding
back the state of the cart alters the stability properties of the
system compared to the case when only the state of the stick
is considered in the feedback loop. Thresholds and reaction
delay are taken into account when developing themechanical
models leading to the application of hybrid control systems
with switching and time delay. Two general types of feed-
back for stabilizing the stick are considered: (1) delayed
state feedback (DSF), namely feedback that depends on the
displacement angle and its rate of change (Stepan 1989), and
(2) predictor feedback (PF), which includes a perfect inter-
nal model that incorporates a time delay (Krstic 2009). We
determine the roles played by DSF and PF in stick balanc-
ing. The feedback models are validated by systematic series
of stick balancing trials involving 31 subjects. The models
and the actual balancing trials are compared by means of
stabilometry; an objective tool initially introduced to study
body sway during quiet standing and during different bal-

Fig. 1 a Stick balancing on a linear track. The stick is pinned to the
cart, which is constrained to move along the rail. Subjects were asked
to sit on a chair so that their shoulders were parallel to the rail, and
balance the stick in the ML direction with their dominant hand using
the handle of the cart. b Two degree of freedom mechanical model of
the stick balancing task, where the generalized coordinates are ϕ and
x . The stick exerts planar motion in the (x1, y1) plane. The mass and
length of the stick are m and �, respectively. The mass and height of
the truncated cone for modeling the human forearm are mf and �f , the
radius of the base and top circles are rf and Rf , respectively. The mass
of the hand and of the cart are mh and mc

ancing exercises (Petró et al. 2017; Nagymáté et al. 2018;
Molnar and Insperger 2020; Molnar et al. 2021).

Our results demonstrate that humans use DSF to control
stick balancing in this task. Taken together the feedback iden-
tifications for stick balancing at the fingertip and on a linear
track suggest that a PF strategy may be required in situa-
tions in which a significant amount of sensory information
is unavailable.

The outline of the paper is as follows. Section2 explains
the feedback models applied and their stability analysis. Sec-
tion3 describes the numerical and measurement methods
together with the stabilometry-based data analysis. Section4
compares the time histories given by numerical simulation
corresponding to the feedback models to the time histories
recorded during the balancing trials. Section5 summarizes
the findings of the study regarding the feedback models, time
delay and threshold values.

2 Stick balancing on a horizontal track

Figure 1 shows stick balancing on a horizontal track used in
our investigations. This setup is very similar to that used in
previous studies (de Guzman 2004; Foo et al. 2000; Reeves
et al. 2013; Treffner andKelso 1999). The subject controls the
vertical displacement angle of the stick, ϕ, by using a handle
to control the movements of a cart confined to move along
a linear track (Fig. 1a). An equivalent mechanical model is
shown in Fig. 1b. The model assumes that the displacements
of the elbow during balancing are negligible.

The equation of motion was derived using the generalized
coordinates x and ϕ. The inertia of the cart, hand and forearm
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is replaced by one single cart with an equivalent mass me,
which can be determined using the equivalence of kinetic
energy similarly to Nagy et al. (2020). This determination
assumes that the hand can bemodeled as a point mass and the
forearm as a truncated cone (Hanavan 1964). Using anthro-
pometric data (de Leva 1996), we obtain me = 1.73 kg. The
linearized equation of motion around x = 0 and ϕ = 0 is

[
m + me

m�
2

m�
2

m�2

3

][
ẍ
ϕ̈

]
+

[
0 0
0 −mg�

2

][
x
ϕ

]
=

[
F(t)
0

]
, (1)

where F(t) is the control force exerted by the human subject
and g is the gravitational acceleration. In this study, the
length and the mass of the stick were � = 90 cm and m =
0.10 kg.

If the control force F(t) is zero, then the state variables can
be separated and the motion of the stick is governed purely
by

ϕ̈ − 6g

c�
ϕ = 0, (2)

where c = 4 − 3m/(m + me) with 1 ≤ c ≤ 4. In this case,
the cart position becomes a cyclic coordinate, which can be
determined from

ẍ = − m�

2(m + me)
ϕ̈. (3)

It can be seen that the solution ϕ = 0 of Eq. (2) is unstable
due to the negative gravitational stiffness term−6g/(c�). On
the other hand, the position of the cart is governed by Eq. (3),
which is a marginally stable system (double integrator) due
to the lack of any stiffness or damping term. In this sense, the
primary (critical) task of the stabilization problem is keeping
the stick in the ϕ = 0 position and the positioning of the cart
to x = 0 is a secondary (“not so critical”) task.

In order to keep the stick in the vertical position, active
feedback control is required. It is assumed that the con-
trol action is determined by the linear combination of the
state variables ϕ, ϕ̇, x, ẋ , which is referred as proportional-
derivative (PD) feedback (Mauer and Peterka 2005; Stepan
2009; Gawthrop et al. 2013; Yoshikawa et al. 2016; Insperger
and Milton 2021). The control force is written as

F(t) = Fϕ(t) + Fϕ̇(t) + Fx (t) + Fẋ (t), (4)

where Fϕ(t), Fϕ̇(t), Fx (t), Fẋ (t), respectively correspond to
the feedback terms originated from ϕ, ϕ̇, x, ẋ .

A key feature of human balancing is the delay in the feed-
back due to the fact that for the nervous system it takes finite
time to process sensory information and initiate action. How-
ever, there is evidence that humans are capable of making a
prediction by integrating motor efference copies using an

internal model in order to compensate this delay (Wolpert
et al. 1995; Kawato 1999; Desmurget and Grafton 2000;
Mehta and Schaal 2002; Milton et al. 2016; Insperger and
Milton 2021). This suggests two different control concepts:

1. Delayed state feedback (DSF);
2. Predictor feedback (PF).

In case of DSF, the delayed state variables are directly fed
back and the control force reads

FDSF(t) = Psϕ(t − τ) + Dsϕ̇(t − τ)

+Pcx(t − τ) + Dc ẋ(t − τ), (5)

where τ is the reaction delay. The parameters Ps [N/rad] and
Ds [Ns/rad] stand for the proportional and derivative gains
with respect to the stick, while Pc [N/m] and Dc [Ns/m] stand
for the proportional and derivative gains with respect to the
cart.

In case of PF the reaction delay is compensated by pre-
dicting the state over the delay period based on an internal
model. The corresponding control force reads

FPF(t) = Psϕ(t − τ) + Dsϕ̇(t − τ) + Pcx(t − τ)

+Dc ẋ(t − τ) +
∫ t

t−τ

kf(t − s)FPF(s)ds, (6)

where the integral term is associated with the information
provided by the efferent copies and kf is an exponential
function obtained by solving the internal model equation
(Insperger andMilton 2021). If the integral term in (6) is zero
then we get (5). Therefore, DSF can also be considered as a
predictor feedback with an imperfect internal model, where
the present state is approximated directly by the delayed state.
In case of a perfect internal model and a perfect implemen-
tation of (6), the delay can fully be compensated and the PF
control force can be written as

FPF(t) = P̂sϕ(t) + D̂sϕ̇(t) + P̂cx(t) + D̂c ẋ(t), (7)

where P̂s, D̂s, P̂c, D̂c are linear combinations of Ps, Ds, Pc,
Dc and depend also on the internal model (Insperger and
Milton 2021). Note that perfect prediction is not possible
due to sensory uncertainties, imperfections of the internal
model and motor noise. In this paper, these uncertainties will
be modeled by an actuation dead zone (see Sect. 2.2).

Figure 2 shows a series of stability diagrams for (1) either
with (5) or with (7) obtained by the method of D-curves
(Stepan 1989). The size of the stable regions reflects the
robustness to parameter uncertainties. It can be seen that the
stable regions get smaller with increasing Pc and Dc for both
DSF and PF. Hence, themore control effort is devoted to con-
trolling the cart, the smaller the chance to control the stick’s
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Fig. 2 Linear stability diagrams for a stick of length � = 90 cm
controlled by DSF and by PF for feedback delay τ = 230 ms.
The dashed black curves show the stability boundaries for PF while
Pc = Dc = 0, the stable domain in this case is the quarter plane
defined by Ps ≥ g(m + me) and Ds ≥ 0. The solid black curves show
the stability boundaries for DSF while Pc = Dc = 0 and the stable
region is shown by gray shading. The blue and the red curves show
the D-curves for PF and DSF respectively, while Pc and Dc are set
according to the label above each panel. Reddish and blueish shaded
areas indicate the corresponding stable domains

position robustly. Furthermore, it can be observed that the
stable region for PF is significantly larger than that for DSF
independently whether the control of the cart is active or not.
Thus, we anticipate that (perfect) PF provides more robust
control when sensory uncertainties are large.

The location of the stable region is also an important fea-
ture of the control system from energy efficiency point of
view since large control gains result in large control effort.
It can also be observed in Fig. 2 that PF allows smaller
derivative gain Ds than DSF does and the lower limit for
the proportional gain Ps is about the same. Note that if
Ps < g(m + me) = 17, 95 N/rad then the system cannot
be stabilized for any (Pc, Dc, Ds) triplets for both PF and
DSF. Therefore the horizontal axis is plotted in the range
15 < Ps < 30.

Stability diagrams in Fig. 2 for DSF very much resemble
those of Yoshikawa et al. (2016), where the stability dia-
grams were determined by brute force simulations for the
same pendulum-cart model. The goal in Yoshikawa et al.
(2016) was to show that a smart state-space-based on–off
switching of DSF, referred to as intermittent control, can be
used to increase the size of the stable regions by exploiting
the stable manifold of the uncontrolled stick.

The exerted control force is affected by sensory andmotor
uncertainties. For stick balancing on the fingertip the sensory

dead zone in theAPdirection ranges from≈0.75–3.5 degrees
(for 8 subjects) and is thought to be largely due to the effects
of depth perception (Milton et al. 2016). The deleterious
effects of depth perception can beminimized by confining the
control movements to a linear track. However, other sources
of uncertainty such as those due to the finite resolution of
the visual system (≈ 0.02◦ DeValois and DeValois 1990)
are still present (see also Discussion). Moreover, it has been
suggested that a small dead zone has the beneficial effects of
preventing the effects of over-control (Milton et al. 2008).

It is assumed that when the displacement or velocity is
smaller than a threshold the nervous systemdoes not generate
a response (Milton et al. 2016). Therefore the corresponding
control model involves a dead zone.

2.1 Delayed state feedback with dead zone

If dead zones are accounted for in the model, then the terms
related to ϕ and ϕ̇ in Eq. (4) for the DSF model can be for-
mulated as:

Fϕ(t) =
{
0, if |ϕ(t − τ)| < Πϕ,

Psϕ(t − τ), if |ϕ(t − τ)| ≥ Πϕ,
(8)

Fϕ̇(t) =
{
0, if |ϕ̇(t − τ)| < Πϕ̇,

Dsϕ̇(t − τ), if |ϕ̇(t − τ)| ≥ Πϕ̇,
(9)

where Πϕ and Πϕ̇ are the thresholds for ϕ and ϕ̇.
The control terms related to x and ẋ are assumed to

be affected by another effect. Since the control of the cart
position can be considered as a secondary control task, it
is assumed that the corresponding control action becomes
active only if x exceeds some limit, i.e., if |x | ≥ Πx . Hence,

Fx (t) =
{
0, if |x(t − τ)| < Πx ,

Pcx(t − τ), if |x(t − τ)| ≥ Πx ,
(10)

Fẋ (t) =
{
0, if |x(t − τ)| < Πx ,

Dc ẋ(t − τ), if |x(t − τ)| ≥ Πx ,
(11)

The interval (−Πx ,Πx ) can be considered as a “convenient
zone”where no control action is takenwith respect to the cart
movement. If the cart leaves the convenient zone, then the
control of the cart becomes active. This reflects the instruc-
tion that the main control goal is to keep the stick balanced
while the cart should not be positioned precisely to themiddle
of the track. The convenient zone corresponds to the concept
of barrier-function-based safety control (Ames et al. 2017;
Molnar et al. 2022) in the sense that control actions are initi-
ated in order to prevent the cart from reaching the end of the
track. The stability properties of the systemwith (8)–(11) are
investigated via numerical analysis (see Sect. 3).
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2.2 Predictor feedback with dead zone

If the control force is based on perfect prediction, then the
delay is completely eliminated from the feedback loop. How-
ever, if the state variables ϕ, ϕ̇ are less than the corresponding
thresholds, then no prediction can be made due to the lack
of information about the state in the time interval (tin, tout).
Here, tin is the time instant when a state variable enters the
dead zone and tout is the time instant when it leaves the dead
zone. After leaving the dead zone, detection of the state takes
finite time and corrective movements can be made only at
time tout + τ , where τ is the same human reaction delay as
in DSF. Thus, the reaction delay is present in the threshold
crossing condition. The corresponding control force terms in
(4) can be formulated as

Fϕ(t) =
{
0, if |ϕ(t − τ)| < Πϕ,

P̂sϕ(t), if |ϕ(t − τ)| ≥ Πϕ,
(12)

Fϕ̇(t) =
{
0, if |ϕ̇(t − τ)| < Πϕ̇,

D̂sϕ̇(t), if |ϕ̇(t − τ)| ≥ Πϕ̇,
(13)

Fx (t) =
{
0, if |x(t − τ)| < Πx ,

P̂cx(t), if |x(t − τ)| ≥ Πx ,
(14)

Fẋ (t) =
{
0, if |x(t − τ)| < Πx ,

D̂c ẋ(t), if |x(t − τ)| ≥ Πx .
(15)

Note that the delay τ shows up only in the switching condi-
tions but not in the feedback terms. Similarly toDSF, stability
properties of the system with Eqs. (12)–(15) can be investi-
gated numerically (see Sect. 3).

3 Methods

Stability analysis of the two feedbackmodelswith dead zones
were investigated via a numerical brute force method. Mea-
surements with stick balancing subjects were carried out in
order to investigate the human performance during balanc-
ing.

3.1 Numerical analysis of themodels

Numerical analysiswas carriedout using the semi-discretization
method (Insperger and Stepan 2011) on the feedback mod-
els given by FDSF and FPF augmented with thresholds. The
stick length was set to � = 90 cm and simulations were car-
ried out for a wide range of parameter sets (Pc, Dc, Πϕ̇ ,
Πϕ , τ ) according to Table 1. The control gains Ps, Ds for
the stick were investigated in the range g(m + me) ≤ Ps ≤
10g(m + me) and 0 ≤ Ds ≤ 2(m + me)

√
6cg�.

Table 1 The range of the model parameters applied in the numerical
simulations

Parameter Values

Ps, P̂s [N/rad] 18, 18.5, 19, . . ., 180

Ds, D̂s [Ns/rad] 1, 1.2, 1.4, . . ., 36

Pc, P̂c [N/m] 0.05, 0.1, 0.5, 1

Dc, D̂c [Ns/m] 0.05, 0.1, 0.5, 1

Πϕ̇ [◦/s] 0, 0.005, 0.01, 0.015, 0.05

0.1, 0.15, 0.5

Πϕ [◦] 0, 0.005, 0.01, 0.05, 0.1

τ [ms] 100, 140, 170, 200, 230, 260

290, 320, 360

The threshold for the cart position was considered to be
Πx = 0.15 m, which corresponds to a 30cm “convenient
zone” in the middle of the track: in average 83% of the
balancing time the cart was within this zone during the mea-
surements.

3.2 Participants

Thirty-one healthy individuals aged from 19 to 42 partici-
pated voluntarily in the study. Twenty-five subjects had no
experience with this balancing task: they performed the bal-
ancing trials on the same day they first met the balancing
device. These subjects are called one-day (OD) subjects.
Six subjects exercised regularly for 15 weeks (at least
15min/week)with the experimental setupbefore carryingout
the measurements, which gave 5h of accumulated balancing
time for each subject. These subjects are referred to asmany-
day (MD) subjects. All subjects were free from neurological
disease or upper limb injuries during the study, and did not
take any medication which could affect motor control. Upon
arrival to the laboratory, the subjects were informed about the
experimental setup and protocol. The research was carried
out following the principles of the Declaration of Helsinki
and subjects were allowed to withdraw from the study at any
time. The measurement lasted for an average of 15 min and
subjects were allowed to rest if needed.

3.3 Apparatus and procedure

The measurement setup is shown in Fig. 1a). The stick is
pinned to the cart, which is allowed to move horizontally
along a one-meter-long rail. Subjects were asked to sit in
a chair so that their shoulders were parallel to the rail, and
balance the stick using their dominant hand in the ML direc-
tion. All subjects were able to balance the 90cm long stick
for 30 s.
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Fig. 3 a Time histories, phase portraits and PSDs of ϕ and x for a rep-
resentative trial by S21 (OD subject). b Time histories, phase portraits
and PSDs of the solution provided by the DSF model with parameters

identified for S21. Parameters: Ps = 22, Ds = 6.3, Pc = 0.5, Dc =
1,Πϕ̇ = 0.05◦/s, Πϕ = 0.05◦, τ = 200 ms

Themotion of the stick was captured using an OptiTrack®

motion capturing system. The sampling frequency was set to
120 Hz. Two markers were attached to the stick, one close to
the bottom and one at 40cm distance from the bottom of the
stick and, additionally, one marker was attached to the cart.
Figure3a shows the time histories of x and ϕ, the phase por-
traits in the plane (ϕ, ϕ̇) and in (x, ẋ), and the power spectral
densities (PSDs) for an OD subject. It has been suggested
that the dynamics of human stick balancing exhibit inter-
mittency (Cabrera and Milton 2002; Yoshikawa et al. 2016).
Red and blue lines in the PSD diagrams show power laws
with power law exponents of −0.5 and −1.5. For dynamical

systems which exhibit intermittency, a power law exponent
of −0.5 is observed in the power spectrum of the controlled
variable (Cabrera et al. 2004) and an exponent of −1.5 is
observed when the power law is determined for the laminar
phases (Cabrera and Milton 2002; Yoshikawa et al. 2016).
It can be seen that the PSDs in Fig. 3a do not exhibit these
power law properties. Figure3b shows the time signals, the
phase portraits and the PSDs of the solution provided by the
DSF model with parameters identified for this subject. The
structure of both the measurement and simulation resemble
to the cycles-within-cycles structure in Treffner and Kelso
(1999).
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Fig. 4 a Time histories, phase portraits and PSDs of ϕ and x for a rep-
resentative trial by S6 (MD subject). b Time histories, phase portraits
and PSDs of the solution provided by the DSF model with parameters

identified for S6. Parameters: Ps = 25.2, Ds = 9.6, Pc = 0.5, Dc =
1,Πϕ̇ = 0.1◦/s, Πϕ = 0◦, τ = 170 ms

Figure 4a shows the time histories x and ϕ, the corre-
sponding phase portraits and PSDs for an MD subject. As
can be seen, no power law can be observed, similarly to the
OD subject. Figure4b shows the time signals, the phase por-
traits and PSDs of the solution provided by the DSF model
with parameters identified for this subject.

3.4 Data analysis

The high dimensionality and the sensitive dependence of the
dynamics on the choice of initial conditionmake it difficult to
estimate model parameters by comparing time series gener-

ated by the model to those observed experimentally. Here we
assume that the model for pole balancing is acceptable if it
reproduces the stabilometry properties shown in Table 2 that
are determined for experimental pole balancing. Stabilome-
trywas originally used as anobjective tool to studybody sway
during quiet standing and during different balancing exer-
cises (Petró et al. 2017; Nagymáté et al. 2018; Molnar and
Insperger 2020; Molnar et al. 2021). The method is usually
based on the analysis of the time variant center of pressure
(CoP) coordinates (Kapteyn et al. 1983), however here we
use stabilometry to investigate stick balancing. Table 2 lists
the stabilometry parameters (SP), which were used in this
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Table 2 Stabilometry
parameters used to evaluate
stick balancing measurements
and simulations (Nagymáté
et al. 2018)

Parameter Unit Description

σϕ rad Standard deviation of the stick angle ϕ or cart position x

σx m

MPFϕ

MPFx
Hz
Hz

The mean power frequency is the weighted average frequency, calcu-

lated as MPF =
∑M

j=1 f j Pj∑M
j=1 Pj

, where f j are the frequency components,

Pj are their power and M is the number of frequency bits (Oskoei and
Hu 2008)

FDϕ

FDx

Hz
Hz

Frequency dispersion is the measure of variability of frequency con-
tent of power spectral density (Rocchi et al. 2004). Note that the FD
quantity can be interpreted as the standard deviation of MPF, therefore
it is determined as the 68% occupied bandwidth of the power spectral
density (PSD) estimate

FPϕ

FPx
rad2/Hz
mm2/Hz

Frequency power, which provides information about the power of the
stick or cart movement in the frequency range 0.1–5 Hz

FPRϕ

FPRx

%
%

Frequency power ratio, which provides information about the power
distribution of the stick or cart movement in the frequency range 0.1–
1 Hz relative to the range 0.1–5 Hz

study to evaluate human performance during stick balanc-
ing. Since the SPs are employed both for the stick angle ϕ

and the cart position x , altogether 2×5 = 10 SPs are consid-
ered. One-wayANOVAwas applied to determine differences
in the SPs between MD and OD subjects.

Parameter identification was performed for all the 31 sub-
jects for the DSF and PF feedback models. The SPs were
used to compare themodels and themeasurements in order to
identify the model parameters, which give time histories best
matching the recorded balancing trials. For the parameter
identification, a cost function J was defined, which com-
pares the SPs for the simulated and measured time signals.
The minimum of the cost function is determined in the 7
dimensional parameter space (Ps, Ds, Pc, Dc, Πϕ̇ , Πϕ , τ)

with resolution shown in Table 1. The cost function is defined
as

J =
N∑
i=1

wi

(
SPi,sim − SPi,meas

SPi,meas

)2

, (16)

where N is the number of SPs selected for the parameter iden-
tification andwi denotes the weight of SPi . Subscripts “sim”
and “meas” refer to simulation and measurement, respec-
tively. The six selected SPs were σϕ,FPϕ, σx ,MPFx ,FDx

and FPx as will be discussed in Sect. 4.1, that is, N = 6.
The weights applied in the cost function were determined

based on themeasurements as follows. Each SPwas obtained
for each of the 31 subjects individually, and the mean and
standard deviation of each SP over the 31 subjects were eval-
uated. The coefficient of variation (Hansen et al. 1993) was
obtained as the ratio of the standard deviation and the mean
for each SP as

cv,i = σ(SPi,meas)/μ(SPi,meas), i = 1, 2, . . . , N . (17)

Table 3 Weights for
stabilometry parameters applied
in the cost function, estimated
from the variability of
stabilometry parameters over
subjects

wσϕ 0.1502

wσx 0.1003

wMPFx 0.0696

wFDx 0.1048

wFPx 0.2573

wFPϕ 0.3179

The weights in (16) can be given by

wi = cv,i∑N
i=1 cv,i

. (18)

This way, those SPs are taken into account with larger
weights, which show higher variability (larger cv) over the
31 subjects. The values of the weights are given in Table 3.

4 Results

Observations related to the human performance during stick
balancing can be drawn based on the variation of SPs, which
can be compared to those of the simulations obtained by the
feedback models.

4.1 Selection of stabilometry parameters

Once the subjects became familiar with the task, they usually
could the stick within one or two trials without any difficulty.
The σϕ and σx parameters for the MD subjects are generally
smaller than those of the OD stick balancers, which corre-
sponds to the intuition that balancing performance improves
with practice.
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The SPs obtained from measurements (black) and from
simulations with the identified parameters (red) are shown in
Fig. 5a–j) as a function of subject number. The SPs related
to the cart’s position x are directly affected by the control
action of the human subjects, while the SPs for the stick’s
position ϕ involve the dynamics of the inverted pendulum,
too. The variability in the SPs for ϕ is higher than those for
x .

One-way ANOVA was applied to determine differences
betweenMD and OD balancers with respect to SPs. ANOVA
revealed significant differences (p < 0.05) for σϕ,FPϕ, σx ,
MPFx ,FDx and FPx , as shown in Fig. 5 with green check
marks. These parameters are considered as reliable indica-
tors to distinguish between balancing performance levels and
therefore these are applied in the cost function J in Eq. (16)
to compare simulations and measurements.

4.2 Parameter identification

The minimum of the cost function over the 7 dimensional
parameter space (Ps, Ds, Pc, Dc, Πϕ̇ , Πϕ , τ) is searched
numerically with resolution given in Table 1 for each subject.
The cost function value was determined for both DSF and PF
control models and for each subject.

Figures 6 and 7 show the result of the parameter identifi-
cation in terms of the delay τ for the DSF and the PFmodels,
respectively. Panels (a) and (b) in both figures present the
distribution of the delays identified for the MD and OD sub-
jects. For all subjects the identified delays were between 170
and 230 ms for the DSF model. For the PF model, the distri-
bution of the identified delay is irregular and sparse, which
may be caused by the invalidity of the PF model.

The variation of the cost function J over the time delays
for MD and OD subjects is shown in panels (c) and (d) of
Figs. 6 and 7 for DSF and PF models, respectively. For the
DSFmodel, it can be seen that themedian of the cost function
is minimal between τ = 170 − 230 ms. The cost function
median gets larger for other time delays, especially for delays
larger than τ = 260 ms. For the PF model, there is no signif-
icant difference in the variation of cost function as a function
of the reaction delay and the cost function values are high for
all time delays. The above observations support the validity
of the DSF model against the PF one.

The average of the identified parameters Ps, Ds, Pc, Dc,
Πϕ̇ , Πϕ and τ for the DSF model where the cost function J
is minimal are shown in Table 4 separately for MD and OD
subjects. The time delay for both groups is about 200 ms,
which is slightly smaller than those measured for balancing
on the fingertip (Mehta and Schaal 2002; Milton et al. 2016).
This may be due to the additional processing time required
for the depth perception in the AP direction during fingertip
stick balancing.

ANOVAdetects no significant differences betweenparam-
eters identified for MD and OD subjects in terms of Ps,
Ds, Dc, Πϕ , τ and the cost function J . However, there is
significant difference for Pc and Πϕ̇ (p < 0.05), both being
generally smaller for MD subjects.

4.3 Validation of the parameter identification

In order to validate the results, the same parameter identi-
fication method was performed for the DSF and PF models
using time-domain simulations with the mean OD parame-
ters in Table 4 with 31 different initial conditions. The results
are shown in Table 5 and Fig. 8. The simulation parame-
ters have been accurately identified for the DSF model with
identified delay 187 ms (see Table 5). For the PF model, the
distribution of the identified delays is irregular and the cost
function shows no clear minimum (see Fig. 8) as expected.
This validates the parameter identification method.

As an additional validation, the stabilometry parameters
were determined for time domain simulations generated by
employing the identified parameters for all subjects. The
resulted SPs are shown in Fig. 5 by red markers. As can be
seen, for the selected SPs (σϕ,FPϕ, σx , MPFx ,FDx and FPx
all indicated by green check mark in Fig. 5) obtained from
themeasurements and from the simulations show similar dis-
tribution. This means that the DSF control model generates
quantitatively very similar results to themeasurements. Espe-
cially remarkable agreement has been observed between the
measurements and the simulations for the MD subjects in
terms of the parameters FPϕ and FPx . The red and black ‘+’
symbols practically coincide in panels (g) and (h).

4.4 Difference between OD andMD subjects

The difference between the control gains of OD and MD
subjects can be visualized in stability diagrams shown in
Fig. 9. Note that these diagrams reflect the dynamics without
a dead zone, hence in the stable region the solution decays
exponentially such that

|ϕ(t)| � ϕ(0)eγ t , (19)

where γ < 0 is the exponential decay rate (Michiels and
Niculescu 2007; Insperger and Milton 2021). Therefore, γ

represents the settling time: the smaller γ the faster the decay.
The average of the identified parameters are shown both for
MDandODsubjects inFig. 9a and cwithmarkers ‘+’ and ‘∗’,
respectively. It can be seen that for MD subjects, the average
control gains are located in the inside of the stable region
corresponding to smaller γ values, hence faster settling. For
OD subjects, the average control gains are located close to
the edge of the stability regions. The corresponding time
histories are shown in Fig. 9 for (b) MD and (d) OD subjects
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Fig. 5 Stabilometry parameters determined from the measured time
signals of ϕ and x as a function of subject number. Symbol ‘+’
denotes values for many-day (MD) subjects, while ‘∗’ denotes values
for one-day (OD) subjects. Black markers show stabilometry values for
measurements and redmarkers show stabilometry values obtained from

simulations with the control parameters identified for each subject indi-
vidually. Green check marks show significant difference (p < 0.05) in
the stabilometry parameters between MD (S1–S6) and OD balancers
(S7–S31) while red cross depicts no significant difference
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Fig. 6 Top: distribution of the identified τ values based on the min-
imum of the cost function for a many-day (MD) and for b one-day
(OD) subjects for the DSF model. Bottom: boxplot for the cost func-
tion values as a function of the applied time delays for cMD and for d

OD subjects. Red central mark: median; blue box: interquartile range
(IQR); black dashed whiskers: min–max values not considered outliers;
red + marks: outliers

Fig. 7 Top: distribution of the identified τ values based on the mini-
mum of the cost function for amany-day (MD) and for b one-day (OD)
subjects for the PF model. Bottom: boxplot for the cost function values

as a function of the applied time delays for cMD and for dOD subjects.
Boxplot notation is the same as in Fig. 6

Table 4 Mean and standard
deviation of the identified
control parameters and the
minima of the cost functions for
many-day (S1–S6) and one-day
(S7–S31) subjects for the DSF
model

Ps Ds Pc Dc Πϕ̇ Πϕ τ Jmin
Subject group [N/rad] [Ns/rad] [N/m] [Ns/m] [◦/s] [◦] [ms] [−]

MD mean 23.07 6.93 0.225∗ 0.758 0.053∗∗ 0.052 190 0.012

MD std 1.938 1.78 0.214 0.400 0.060 0.043 24.50 0.007

OD mean 23.86 6.356 0.480∗ 0.668 0.251∗∗ 0.041 194 0.023

OD std 2.360 0.936 0.291 0.330 0.223 0.042 22.91 0.024

Symbols ∗ and ∗∗ show significant difference in the identified parameters between MD and OD subjects
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Table 5 Validation of the
parameter identification method.
The identified DSF mean
parameters match well the
simulation parameters

Ps, P̂s Ds, D̂s Pc, P̂c Dc, D̂c Πϕ̇ Πϕ τ

[N/rad] [Ns/rad] [N/m] [Ns/m] [◦/s] [◦] [ms]

Simulation parameters 23.86 6.356 0.480 0.668 0.251 0.041 194

PF mean 32.74 2.968 0.911 0.790 0.117 0.082 304

PF std 14.37 1.779 0.276 0.373 0.156 0.038 58.41

DSF mean 23.05 7.123 0.419 0.871 0.232 0.066 187

DSF std 1.877 0.989 0.211 0.222 0.208 0.037 24.11

Fig. 8 Validation of the parameter identification method using sim-
ulation with the identified OD parameters of the DSF model. Top:
distribution of the identified τ values based on the minimum of the

cost function for a PF and b DSF model. Bottom: boxplot for the cost
function values as a function of the applied time delays for c PF and for
d DSF model. Boxplot notation is the same as in Fig. 6

(without thresholds). It can be seen that the solution decays
faster for MD subjects (γMD = −0.75 s−1) than for ODs
(γOD = −0.3 s−1 > γMD). This might explain the difference
between σϕ and σx for the MD and OD subjects.

5 Conclusions

Stick balancing on a linear track was investigated via sta-
bilometry parameters, where subjects with many-day (MD)
and one-day (OD) experience were asked to carry out the
balancing task. Standard deviations of stick angle and cart
positions were smaller for MD than for OD subjects. The
frequency power was also smaller for MDs which is related
to the fact that MD subjects can perform the balancing on a
lower energy level, i.e., more effortlessly (Milton et al. 2007).

Two control force models (DSF and PF) were investigated
via numerical brute force method, and stabilometry param-
eters of the resulting time histories were analyzed. Both
control force models apply a proportional-derivative (PD)
controller with respect to the stick and the cart, which is
switched on and off based on threshold crossing conditions.
The domain of stable control gains for the stick’s position

and velocity shrinks with increasing gains for the cart posi-
tion and velocity.

The control parameters Ps, Ds, Pc, Dc, the thresholds
Πϕ , Πϕ̇ , and the reaction delay τ were identified for all the
31 subjects based on a cost function, which was defined as
the weighted sum of the relative error between stabilome-
try parameters of measured and simulated data. Parameter
estimation showed that the DSF model fits better to the mea-
surements for both MDs and ODs. In terms of the internal
model representation, this means that the contribution of the
integral term in (6) is very small. Note that balancing shorter
sticks is more challenging and expert stick balancers may
develop a PF strategy for these shorter sticks (Milton et al.
2016).

For theDSFmodel it was found thatMDsubjects have sig-
nificantly smaller Pc and Πϕ̇ values than ODs. It is plausible
that the nervous system finds it easier to estimate threshold
for angle and would take some experience before it could
make a good estimate of threshold for angular velocity (i.e.,
thresholds for angular velocity can be lowered by experience
Werkhoven and Koenderink 1991; Barazza and Grzywacz
2003; Nijhawan andWu 2009). As a result, MD subjects use
less effort to control the position of the cart, which is a sec-
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Fig. 9 Left panels: linear
stability diagrams of aMD and c
OD subjects, symbol ‘+’ denotes
the estimated Ps and Ds values
for MD, while ‘∗’ denotes the
estimated Ps and Ds values for
OD subjects. Grey shading
indicates stable regions and
contour curves indicate different
exponential decay rates γ . Right
panels: the corresponding time
histories for bMD and d OD
subjects (without dead zone
applied in the model)

ondary control task after controlling the angle of the stick,
therefore they are able to apply smaller Pc gains.

A surprising observation is that balancing a stick on a
linear track reduces Πϕ by 20–60 times the value observed
for stick balancing at the fingertip, but does not completely
eliminate it. Moreover, Πϕ is 2–3 times larger than the res-
olution of the visual system (0.02◦ DeValois and DeValois
1990). From a control theoretic perspective, an advantage
of a detection threshold is that it reduces the destabilizing
effects of overcontrol, which occurs in noisy time-delayed
dynamical systems (Milton et al. 2008). A consequence is
that the detection threshold becomes a control parameter.
Thus it might be better to consider the detection threshold to
a certainty threshold, i.e., when the sensory variable is above
this threshold, the nervous systemmust certainlymake a con-
trol action.

Track balancing in the ML direction can be linked to vir-
tual balancing tasks, where subjects control the movement
of an object represented on a computer screen inherently in
the ML direction (Loram et al. 2011; Zgonnikov et al. 2014;
Bazzi et al. 2018). In these virtual tasks, it is also possible
to artificially modify the conditions of the balancing task,
e.g., extra delay can be added in the feedback loop (Kovacs
et al. 2019; Franklin et al. 2019) or other than Newtonian
dynamics can be implemented (Kovacs and Insperger 2022).

It shall be mentioned that several other types of control
concepts exist in the literature to capture the dynamics of
human stick balancing. The intermittent control developed
for human quiet standing in Asai et al. (2009) was adopted
to human stick balancing in Yoshikawa et al. (2016). The
main idea of the intermittent control is that the feedback is
switched off if the state is close to the stable manifold of the
uncontrolled system.Other time-dependent control concepts,
such as the clock-driven intermittent control (Gawthrop et al.
2013) or the act-and-wait control (Insperger and Milton
2014) has also been showed up as possible mechanisms for
human stick balancing. Extending the feedback by an accel-
eration term was shown to reduce the destabilizing effect of
the feedback delay (Insperger and Milton 2014). The com-
mon feature of the above controllers is that they all are based
on DSF, i.e., they employ a feedback of the position and the
velocity in a sophisticated manner. Similarly to intermittent
controller, DSF with well-tuned control gains can exploit
the stable manifold of the uncontrolled system as the pro-
portional and the derivative terms cancel each other if the
state is close the stable manifold. In this paper therefore we
rather concentrated on two main concepts, whether the con-
trol directly uses the most recent available information for
error correction (DSF), or it attempts to predict the effect of
previous control actions (PF).
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Taken together, our results suggest that when important
sensory information is missing the only recourse for con-
trolling balance is to predict the sensory consequences of
the movement. However, this is not the case in track balanc-
ing, where the sensory dead zones for the stick’s position are
much smaller than for stick balancing at the fingertip. Our
studies show that these dead zones are small enough so that
track balancing of a long enough stick (∼ 90 cm) can be
well modeled with delayed state feedback. This demonstra-
tion points to the importance of determining the availability
and reliability of sensory information for understanding how
motor control is exerted by the nervous system.

Acknowledgements The research reported in this paper has been sup-
ported by the National Research, Development and Innovation Office
(Grant no.NKFI-K138621) andby theNationalResearch,Development
and Innovation Fund (Grant no. BME-NVA-02 and TKP2021-EGA-02)
provided by the Ministry of Innovation and Technology financed under
the TKP2021 funding scheme. JM was supported by the William R.
Kenan, Jr. Charitable trust and a J. T. Oden visiting faculty fellowship
while at theOden Institute forComputational Engineering andSciences,
UT Austin.

Funding Open access funding provided by Budapest University of
Technology and Economics.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing, adap-
tation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indi-
cate if changes were made. The images or other third party material
in this article are included in the article’s Creative Commons licence,
unless indicated otherwise in a credit line to the material. If material
is not included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds the
permitted use, youwill need to obtain permission directly from the copy-
right holder. To view a copy of this licence, visit http://creativecomm
ons.org/licenses/by/4.0/.

References

AmesAD,XuX,Grizzle JW, Tabuada P (2017) Control barrier function
based quadratic programs for safety critical systems. IEEE Trans
Autom Control 62:3861–3876

Asai Y, Tasaka Y, Nomura K, Nomura T, Casadio M, Morasso P (2009)
A model of postural control in quiet standing: robust compensa-
tion of delay-induced instability using intermittent activation of
feedback control. PLOS ONE 4(7):e6169

Barazza JF, Grzywacz NM (2003) Local computation of angular veloc-
ity in rotational visual motion. J Opt Soc Am A 20:1382–1390

Bazzi S, Ebert J, Hogan N, Sternad D (2018) Stability and predictability
in human control of complex objects. Chaos 28:103103

Cabrera JL, Milton JG (2002) On–off intermittency in a human balanc-
ing task. Phys Rev Lett 89(15):158702

Cabrera JL, Bormann R, Eurich C, Ohira T, Milton J (2004) State-
dependent noise and human balance control. Fluct Noise Lett
4(1):L107–L117

de Guzman GC (2004) Using visual information in functional stabi-
lization: pole-balancing example. In: Jirsa VK, Kelso JAS (eds)
Coordination dynamics: issues and trends. Understanding com-

plex systems. Springer, Berlin. https://doi.org/10.1007/978-3-
540-39676-5_5

de Leva P (1996) Adjustments to Zatsiorsky–Seluyanov’s segment iner-
tia parameters. J Biomech 29(9):1223–1230

Desmurget M, Grafton S (2000) Forward modeling allows feedback
control for fast reaching movements. Trends Cogn Sci 4(11):423–
431

DeValois RL, DeValois KK (1990) Spatial vision. Oxford psychology
series. Oxford University Press

Foo P, Kelso JAS, de Guzman GC (2000) Functional stabilization of
fixed points: human pole balancing using time to balance informa-
tion. J Exp Psychol Human Percept Perform 26:1281–1297

Franklin S, Cesonis J, Leib R, Franklin DW (2019) Feedback delay
changes the control of an inverted pendulum. In: Annual interna-
tional conference of the IEEE engineering inmedicine and biology
society. https://doi.org/10.1109/EMBC.2019.8856897

Gawthrop P, Lee K-L, O’Dwyer N, Halaki M (2013) Human stick bal-
ancing: an intermittent control explanation. Biol Cybern 107:637–
652

Hanavan EP (1964) A mathematical model of the human body. In:
Aerospace medical research laboratoryWright–Patterson air force
base, Ohio, USA

HansenMH,HurwitzWN,MadowWG(1993) Sample SurveyMethods
and Theory, vol II. Wiley, New York

Huang J, Isidori A, Marconi L, Mischiati M, Sontag E, Wonham WM
(2018) Internal models in control, biology and neuroscience. In:
IEEE conference on decision and control (CDC). Miami Beach,
FL

Insperger T, Milton J (2014) Sensory uncertainty and stick balancing at
the fingertip. Biol Cybern 108(1):85–101

Insperger T, Milton JG (2021) Delay and Uncertainty in Human Bal-
ancing Tasks. Springer, Cham

Insperger T, Stepan G (2011) Semi-discretization for time-delay sys-
tems. Stability and engineering applications. Springer, New York

Jordan MI (1996) Computational aspects of motor control and motor
learning. In: Heuer H, Keele S (eds) Handbook of perception and
action: motor skills. Academic Press, New York

Kapteyn TS, Bles W, Njiokiktjien CJ, Kodde L, Massen CH, Mol
JM (1983) Standardization in platform stabilometry being a part
of posturography. Agressologie Revue Internationale de physio-
biologie et de pharmacologieAppliquees auxEffets de l’agression.
24(7):321–6

KawatoM (1999) Internal models for motor control and trajectory plan-
ning. Curr Opin Neurobiol 9(6):718–727

Kovacs BA, Insperger P (2022) Virtual stick balancing: skill develop-
ment in Newtonian and Aristotelian dynamics. J R Soc Interface
19(188):20210854

Kovacs BA,Milton J, Insperger T (2019) Virtual stick balancing: senso-
rimotor uncertainties related to angular displacement and velocity.
J R Soc Open Sci 6:191006

KrsticM (2009) Delay Compensation for Nonlinear, Adaptive and PDE
Systems. Birkhäuser, Boston

Loram ID,GolleeH, LakieM,Gawthrop PJ (2011)Human control of an
inverted pendulum: Is continuous control necessary? is intermittent
control effective? is intermittent control physiological? J Physiol
589(2):307–324

Mauer C, Peterka RJ (2005) A new interpretation of spontaneous sway
measures based on a simple model of human postural control. J
Neurophysiol 93:189–200

Mehta B, Schaal S (2002) Forward models in visuomotor control. J
Neurophysiol 88:942–953

Michiels W, Niculescu S-I (2007) Stability and Stabilization of Time-
Delay Systems (Advances in Design and Control). Society for
Industrial and Applied Mathematics, Philadelphia

Milton J, Solodkin A, Hlustik P, Small SL (2007) The mind of expert
motor performance is cool and focused. Neuroimage 35:804–813

123

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1007/978-3-540-39676-5_5
https://doi.org/10.1007/978-3-540-39676-5_5
https://doi.org/10.1109/EMBC.2019.8856897


Biological Cybernetics (2023) 117:113–127 127

Milton JG, Cabrera JL, Ohira T (2008) Unstable dynamical systems:
delay, noise and control. EPL 83:48001

Milton J, Meyer R, ZhvanetskyM, Ridge S, Insperger T (2016) Control
at stability’s edge minimizes energetic costs: expert stick balanc-
ing. J R Soc Interface 13(119):20160212. https://doi.org/10.1098/
rsif.2016.0212

Molnar CA, Insperger T (2020) Parametric study of changes in human
balancing skill by repeated balancing trials on rolling balance
board. Period Polytech Mech Eng 64(4):317–327

Molnar CA, Zelei A, Insperger T (2021) Rolling balance board of
adjustable geometry as a tool to assess balancing skill and to esti-
mate reaction time delay. J R Soc Interface 18(176):20200956

Molnar TG, Cosner RK, Singletary AW, Ubellacker W, Ames AD
(2022)Model-free safety-critical control for robotic systems. IEEE
Robot Autom Lett 7:944–951

Nagy DJ, Bencsik L, Insperger T (2020) Experimental estimation of
tactile reactiondelayduring stick balancingusing cepstral analysis.
Mech Syst Signal Process 138:106554

Nagymáté G, Orlovits Z, Kiss RM (2018) Reliability analysis of a sen-
sitive and independent stabilometry parameter set. PLOS ONE
13(4):e0195995

Nijhawan R, Wu S (2009) Compensating time delays with neural pre-
dictions: Are predictions sensory or motor? Phil Trans R Soc A
367(1891):1063–1078

Oskoei MA, Hu H (2008) Support vector machine-based classification
scheme for myoelectric control applied to upper limb. IEEE Trans
Biomed Eng 55(8):1956–1965

Petró B, Papachatzopoulou A, Kiss RM (2017) Devices and tasks
involved in the objective assessment of standing dynamic balanc-
ing: a systematic literature review. PLOS ONE 12(9):e0185188

Reeves NP, Pathak PK, Popovich JM, Vijayanager V (2013) Limits in
motor control bandwidth during stick balancing. J Neurophysiol
109:2523–2327

RocchiL,Chiari L,CappelloA (2004)Feature selection of stabilometric
parameters based on principal component analysis. Med Biol Eng
Comput 42:71–79

Stepan G (1989) Retarded Dynamical Systems. Longman, London
Stepan G (2009) Delay effects in the human sensory system during

balancing. Phil Trans R Soc A 367:1195–1212
Todorov E, Jordan MI (2002) Optimal feedback control as a theory of

motor coordination. Nat Neurosci 5:1126–1235
Treffner PJ, Kelso JAS (1999) Dynamic encounters: long memory dur-

ing functional stabilization. Ecol Psychol 11:103–137
Werkhoven P, Koenderink JJ (1991) Visual processing of rotary

motion. Percept Psychophys 49(1):71–82. https://doi.org/10.
3758/bf03211618

Wolpert DM, Ghahramani Z (2000) Computational principles of move-
ment neuroscience. Nat Neurosci 3:1212–1217

Wolpert DM, Ghahramani Z, Jordan MI (1995) An internal model for
sensorimotor integration. Science 269:1880–1882

Yoshikawa N, Suzuki Y, Kiyono K, Nomura T (2016) Intermittent
feedback-control strategy for stabilizing inverted pendulum on
manually controlled cart as analogy to human stick balancing.
Front Comput Neurosci 10(34). https://doi.org/10.3389/fncom.
2016.00034

Zgonnikov A, Lubashevsky I, Kanemoto S, Miyazawa T, Suzuki T
(2014) To react or not to react? Intrinsic stochasticity of human
control in virtual stick balancing. J R Soc Interface 11:20140636

Publisher’s Note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

123

https://doi.org/10.1098/rsif.2016.0212
https://doi.org/10.1098/rsif.2016.0212
https://doi.org/10.3758/bf03211618
https://doi.org/10.3758/bf03211618
https://doi.org/10.3389/fncom.2016.00034
https://doi.org/10.3389/fncom.2016.00034

	Controlling stick balancing on a linear track: Delayed state feedback or delay-compensating predictor feedback?
	Abstract
	1 Introduction
	2 Stick balancing on a horizontal track
	2.1 Delayed state feedback with dead zone
	2.2 Predictor feedback with dead zone

	3 Methods
	3.1 Numerical analysis of the models
	3.2 Participants
	3.3 Apparatus and procedure
	3.4 Data analysis

	4 Results
	4.1 Selection of stabilometry parameters
	4.2 Parameter identification
	4.3 Validation of the parameter identification
	4.4 Difference between OD and MD subjects

	5 Conclusions
	Acknowledgements
	References




