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A 3D balance control model of quiet upright stance is presented, based on an optimal control strategy, and evaluated in terms
of its ability to simulate postural sway in both the anterior—posterior and medial —lateral directions. The human body was
represented as a two-segment inverted pendulum. Several assumptions were made to linearise body dynamics, for example,
that there was no transverse rotation during upright stance. The neural controller was presumed to be an optimal controller
that generates ankle control torque and hip control torque according to certain performance criteria. An optimisation
procedure was used to determine the values of unspecified model parameters including random disturbance gains and
sensory delay times. This model was used to simulate postural sway behaviours characterised by centre-of-pressure (COP)-
based measures. Confidence intervals for all normalised COP-based measures contained unity, indicating no significant
differences between any of the simulated COP-based measures and corresponding experimental references. In addition,
mean normalised errors for the traditional measures were <8%, and those for most statistical mechanics measures were
~3-66%. On the basis these results, the proposed 3D balance control model appears to have the ability to accurately

simulate 3D postural sway behaviours.
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1. Introduction

Maintaining upright balance is a major functional ability
of humans, and balance control models are common tools
to investigate potential underlying mechanisms in this and
other circumstances. Many existing balance control
models have adopted a single-segment inverted pendulum
to model the human body, and have focused on
investigating postural sway only in the sagittal plane
(e.g. Ishida et al. 1997; Johansson et al. 1988; Maurer and
Peterka 2005). In these models, ankle control torque was
the only neural output contributing to controlling upright
posture. Although a single-segment inverted pendulum
body model is applicable in some circumstances,
especially when the sway amplitude is small and an
ankle strategy dominates (Kuo 1995), some researchers
have argued that such an approach is oversimplified
(e.g. Alexandrov et al. 2001; Hsu et al. 2007). For example,
Hsu et al. (2007) noted that six major joints along the
longitudinal axis of the body are coordinated to stabilise
the spatial positions of the centre-of-mass (COM) and
head during quiet upright stance.

In addition to ankle control torque, hip control torque
is also widely accepted as an important neural output to the
control of upright posture, and the contribution of hip
control torque has been accounted for by adopting a multi-
segment inverted pendulum body model (e.g. Kuo 1995;

van der Kooij et al. 1999; Fujisawa et al. 2005). However,
these models still limit sway motions to the anterior—
posterior (A/P) direction. Existing evidence, however,
indicates that medial —lateral (M/L) sway is important in
some conditions, and that M/L sway measures are able to
account for different balance control mechanisms.
For example, the mean velocity of postural sway in the
M/L direction was found to significantly increase with
the application of external load during upright stance
(Qu 2010). McClenaghan et al. (1996) reported that
significant age-related differences existed in some
frequency-domain measures obtained from M/L postural
sway. Thus, a simple 2D balance control model that cannot
simulate M/L postural sway is not able to sufficiently
reflect how humans control upright posture.

The purpose of this study was to develop a balance
control model that can accurately simulate postural sway
in 3D space. This model is based on an optimal control
strategy, and human body dynamics were described by a
two-segment inverted pendulum model with two joints
representing the ankle and the hip. To simplify (linearise)
the model, we assumed that these joints had limited roles,
specifically in controlling sway in the A/P and M/L
directions, respectively. As such, it was expected that the
proposed 3D balance control model could account for both
the ankle and hip strategies typically evidenced in upright
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postural control (Kuo 1995). Performance of the proposed
3D balance control model was evaluated by comparing
model simulations and experimental data for selected
measures derived from centre-of-pressure (COP) time
series. We hypothesised that this model, including
assumptions regarding the contributions of ankle and hip
joints, would be sufficient to characterise human
behaviours during quiet upright stance, as evidenced by
a lack of significant differences between any of the
simulated COP-based measures and corresponding exper-
imental references.

2. Methods

Expanding on our prior work (Qu et al. 2007, 2009; Qu and
Nussbaum 2009a, 2009b), we described human body
dynamics in the model by a two-segment inverted
pendulum in 3D space. Sensory systems were assumed
to provide accurate ankle and hip angles to the neural
controller but with an inherent time delay due to sensory
processing, transduction and transmission (van der Kooij
et al. 1999). The neural controller was an optimal

X. Qu and M. A. Nussbaum

controller that can minimise a performance index defined
by physical quantities relevant to sway in both the A/P and
M/L directions. An optimisation procedure using heuristic
search approaches was performed to determine unspeci-
fied model parameters, such as sensory delay times at the
ankle and hip joints. Confidence intervals (95%) of
normalised simulated COP-based measures and normal-
ised errors between simulated and experimental COP-
based measures were determined and used to evaluate the
proposed model in terms of its ability to simulate postural
sway.

2.1 Postural control system

The postural control system model is illustrated in
Figure 1, in which three portions comprise the closed
loop: (1) the neural controller, (2) human body dynamics
and (3) sensory systems. Models of each of the three parts
are discussed in more detail in subsequent sections.
In addition, random disturbance torques were added to the
ankle control torque and hip control torque generated by
the neural controller to drive sway motions.

Neural Controller
Random
Disturbance
aru'ge\r =0 1 1 r
B =0 I—* s s 50! a(t)
target L 4 v T f) T ) T,(f) L 3
»  Optimal control 2( 2 2 Human Body rﬁ(r)
1< processor i i Dynamics
Tl(t) l Tl('r) l 3
r Iy N = Tl(‘) /,‘\
- s s %
Random
Disturbance
n Sensory Systems
a(r)
[
a(t) a(t)
lr;]sz —748+1
B
[l
B B(1)
lrjzsz — T ,5+]1 €
2

Figure 1.

Postural control system for the 3D balance control model. T represents ankle control torque; 7>, hip control torque; «, ankle

sway angle; 3, hip sway angle; 7., sensory delay time at the ankle; and 7., sensory delay time at the hip.
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2.2 Human body dynamics and sensory systems

A two-segment inverted pendulum in 3D space was used
to describe human body dynamics (Figure 2). The two
rigid linked segments represent the legs and upper body,
respectively; the joint connecting them corresponds the
hip joint.

In essence, the dynamics of this two-segment inverted
pendulum are nonlinear, yet optimal control formulations
are only applicable to linear control systems (though
nonlinear optimal control theories have been proposed,
these theories are not well formulated and cannot provide
global optimal solutions). Given this, some assumptions
were required in order to linearise the dynamics.
McClenaghan et al. (1996) and Winter et al. (1996) have
suggested that the ankle and hip strategies are applied
primarily to control postural sway in the sagittal and
frontal planes, respectively. Thus, the lower segment
(legs), controlled primarily by ankle torques, was assumed
to rotate in the sagittal plane (along the A/P direction).
Similarly, the upper segment (upper body), controlled
primarily by hip torques, was assumed to rotate in the
frontal plane (along the M/L direction). In addition,
transverse rotations of these two segments were ignored,
because such movements are likely minimal during quiet
upright stance (Gunther et al. 2008).

Figure 3 illustrates the force analysis of the two-
segment inverted pendulum model, in which the X-axis is
positive to the anterior direction, Y-axis is positive to the
left and Z-axis is positive in the superior direction.
According to this, and the above assumptions, the
equations of motion are given below; Equations (1)—(3)
correspond to a respective force analysis of the upper

—~ Hip

— Ankle

Figure 2. A two-segment inverted pendulum model. X-axis is
positive in the anterior direction; Y-axis is positive to the left and
Z-axis is positive in the superior direction.

Fo Z (b)

T,

X
(©) z
3
T, T'l Fxi
FY1<?\/
d_Ar,, "t M Y
coP,
X cop, A/F‘ F
Xr
Mf

Figure 3. (a) Force analysis of lower segment; (b) force analysis
of upper segment and (c) force analysis of foot.

segment, lower segment and feet, respectively.

LB =T, — mgYcom
Fz — mag = myZcomn
(D

Fy>, = myYcom

Fx2 = maXuip

Id =Ty + FzXnip + migXcomt — Fx2Znip
T, + Fy:Zyip = T»

Fz1 — Fz — mig = miZcom

Fyi = Fy,=0

)

Fxi1 — Fx» = mXcomi

Fz = Fz71 +msg

Fxr = Fxi

Fy, = Fy (3)
FzCOPy + Fyhy =T,

—F7COPy — Fx,hy — T +mpgdy =0

where « is the sway angle of the lower segment in the
sagittal plane, 3 is the sway angle of the upper segment in
the frontal plane, /; and I, are the respective moments of
inertia of the lower segment and upper segment, 7, and m,
are the respective masses of the lower segment and upper
segment, myis the mass of the feet, &, is the height of the
ankle, dyis the horizontal distance between the ankle and
the COM of the feet, T} is the ankle control torque along
the Y-axis, T’1 is the ankle control torque along the X-axis,
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T, is the hip control torque along the X-axis, {Fxy, Fyi,
F,}, {Fx2, Fys, Fo} and {Fy,, Fy,, 2.} are the reaction
forces on the ankle, hip and ground, respectively. {Xcowm1,
Ycomis Zcomt}s {Xcomzs Yeoma, Zeomz} and {Xpip, Yhip,
Zyip) are the respective coordinates of the COM of lower
segment (COM1), COM of upper segment (COM2) and
the hip.

There is no hip torque about the Y-axis, because the
upper segment was assumed to rotate in the frontal plane.
According to these equations, the COP location is given by

—(maXnip + miXcomn) by — 116 + (mag + maZeom)Xnip + migXcomt — moXnipZnip + mfgdf

dynamics were described as

LB =T, + mghyB

8
Lid=T; +mglha+mghaoa-— ®)

mzl%a

Sensory systems were assumed to provide accurate
ankle and hip angles to the neural controller but with an
inherent time delay due to sensory processing, transduc-
tion and transmission (van der Kooij et al. 1999). We also

“)

COPy =
(my + my + my)g + myZcomn + mi Zcom
) ) assumed that the time delay was time—invariant for a
COP, — LB+ magYcom — maYcoma(Znip + hy) ) given individual. To linearise the sensory systems, delayed
y = .

(my + my 4+ mp)g + myZcome + miZcowi

As it was assumed that the lower segment and the
upper segment are restricted to rotations in the sagittal and
frontal planes, respectively, ankle torque 741 can be
determined by 7 and T». Similarly, the force components
in Equations (1)—(3) can also be determined by 7'} and T5.
Thus, according to the assumptions made above, the neural
controller only actively generates joint torques 7', and 75 to
maintain balance and the properties of human body
dynamics can be formulated as

LB =T, — mgYcom

. 6
116 =T + FzXnip + migXcomi ©

— Fx2Zyp.

In addition, the coordinates of the COM1, COM2, hip
and ankle are given by

Xcom1 = hy Xsina; Ycomt = Yankie; Zocom1 = hi X cos ;

Xcom2 = Xnip; Ycomz = —ha X sin B; Zcoma = Znip + ha X cos B;
Xhip =1, Xsin a; Yhip = Yankle;Zhip =1, Xcos a;
Xankle = 0; Yankle = 0; Zankle = 0;

(O]

where h, is the distance of the COM1 relative to the ankle,
h, is the distance of COM2 relative to the hip, /; is the
length of lower segment and /, is the length of upper
segment. We are only interested in spontaneous sway,
during which sway angles « and 3 are very small. Thus, in
order to linearise human body dynamics, the following
approximations were made: sin a = a, sin 3 = f3, cos «
~1 and cos 8= 1. Given this, the linear human body

joint angles & and ﬁ were approximated using the first
three terms of the Taylor series

a(t) = a(t) — Ty at) + 5 qfﬂa(z) and
: ©

ﬂﬂ*ﬂﬂ—mﬁ®+§ﬁﬁ®,

where 7,; and 7, are the time—invariant delays for the
ankle and hip joints, respectively.

Thus, the state Equation (10) that represent the
properties of both body dynamics and sensory systems
were derived from Equations (8) and (9)

x(t) = Ax(t) + Bu(z), (10)
where
0 1 0 0 0O 0 0 O
mogly+mygh 1 — T,
f,;mz;fgl 0 Li+myl 1,+mI;z§ 0 00 0
0 0 0 1 0O 0 0 o0
s 0 0 0 0 0O 0 0 o0
B 0 0 0 0 o 10 0]
mogh — T4
0 0 0 0 —2};2 0 i 12’2
0 0 0 0 o 0 0 1
0 0 0 0 0O 0 0 o0
0 0
72
2(114:rlnzl%) 0
0 0
1 0
B = ,
0 0
7.2
0 5
0 0
0 1
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the state is

x(t) =

and the control signal is

T
u(t) = (Tz )

According to Equations (8) and (9), sway angles « and
B3 do not interact with each other, indicating that, based on
the assumptions we made above, sway motions in the
sagittal plane and frontal plane are independent. As such,
the state Equation (10) can be decomposed into two
separate state equations that account for the properties of
body dynamics in the A/P (Equation (11)) and M/L
(Equation (12)) directions.

x1(1) = Ay (1) + Brua (), (11)
where
0 1 0 0 0
magl +mj ghy 1 —Ta1 o
I|+m21% I|+m21% 11+m21f 2(11+m21%)
A= , B =
0 0 0 1 0
0 0 0 0 1

the state is

a
a;\ ..
x () = and the control signal is u;(r) = (7).
1
T
Xo(1) = Apxa(2) + Bouo(2) (12)
where
0 1 0 O 0
Az — 2 2 2 , B — 2 ’
0 0 O 1 0
0 0O 0 O 1

the state is

B

x(1) =

~N ™.

and the control signal is uy(t) = (73).
2

1

2.3 Anthropometry estimation

Different anthropometric data are required to implement
this model vs. those required in our earlier 2D model (Qu
and Nussbaum 2009a, 2009b). Specifically, the 3D
balance control model requires: the moment of inertia of
the lower segment around the ankle (/;), the mass of the
lower segment (m;), the length of the lower segment (/;)
and the length of the COM of the lower segment relative to
the ankle (#,), the moment of inertia of the upper body
around the hip (»), the mass of the upper body (m,), the
length of the upper body (/,), the length of the COM of the
upper segment relative to the hip (%,), the mass of the feet
(mp), the height of the ankle (/) and the distance between
the ankle and the COM of the feet (dz). Following existing
approaches (Der Leva 1996; Chaffin et al. 1999; Robertson
et al. 2004), these anthropometric data were obtained by

my = M X (0.0435 +0.1027) X 2, my = M X 0.6708,
I, = 1% (0.530 — 0.039), I, = [ X (1 — 0.530),

hy =1, X0.6179, hy = I, X 0.374,

I = my X (I; X 0.650)2, I, = my X (I X 0.620)?,

mp = M X 0.0137 X 2 (male) or mp = M X 0.0129 X 2 (female),
hp = 1X0.039,

dr = I X 0.4415 (male) or dr = Ir X 0.4014 (female).

(13)

2.4 Neural controller

The neural controller (Figure 1) includes an optimal
control processor and several integration units. The
optimal control processor (Figure 4) is defined by optimal
feedback gains. As sway motions in the sagittal and frontal
planes are independent, we calculated the optimal
feedback for state Equations (11) and (12) separately.

Performance indices for sway motions in the sagittal
and frontal planes are defined by Equations (14) and (15),
respectively.

Ji = %J (w1 @2 (1) + wa & () + wa T1(2)
0
+wa Th(0) + ws T1(0)dr, (14)
1(* ~ A
5= EJ (w1220 + w20 + wiaT2(0)
0

+wapT5(0) + wsa T3 (1))dr, (15)
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o (t)
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> K3
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T, (1) —>
> Ko
T, ()
> K24

Figure 4. Optimal control processor.

where w; (i=1-5, j=1 and 2) are weightings of
physical quantities relevant to sway. Converting the above
performance indices into standard form yields weighting
matrices as follows:

w0 0 0

01 0 0wy and Ry =ws;, (16)
0 0 0 W41
w12 0 0 0
0 Woo 0 0

) and Ry = ws.  (17)

Note that as long as J; and J, are minimised, the sum of
J1 and J, must be also minimised. Therefore, we were able
to calculate the optimal feedback gains for sway motions
in the A/P and M/L directions separately and still optimise
the performance of the complete postural control system.

2.5 Model specification

An optimisation procedure was used to specify model
parameters, including weights of relevant physical

quantities, random disturbance gains and sensory delay
times. As the model simulates postural sway in both the
A/P and M/L directions, the cost function should be
defined by sway measures in both directions. We chose
two time-domain COP-based measures and two fre-
quency-domain COP-based measures. All are ‘traditional’
measures (Norris et al. 2005), specifically root mean
square displacement (A/P RMS and M/L RMS), mean
velocity (A/P MV and M/L MV), centroidal frequency
(A/P CFREQ and M/L CFREQ) and frequency dispersion
(A/P FREQD and M/L FREQD). The cost function is
defined as

E:

N . BTN 2
(COPM, COPM,) ’ (18)
—

, COPM;
where N = 8 is the number of COP-based measures, and
COPM,; and COISM,- are the ith COP-based measure from
the simulation and experimental results, respectively.
A genetic algorithm (GA) and simulated annealing (SA)
were used to specify model parameters, i.e. to minimise
E (Hillier and Lieberman 2005). In the GA, the number of
chromosomes in a generation was set at 140; the crossover
rate and mutation rate were set at 0.80—0.90 and 0.05-
0.10, respectively, according to the generation number, and
the maximum number of generations was set at 90. In SA,
the temperature was initialised at 30% of the initial cost
function, the cooling rate was set at 0.80, the number of
iterations between temperature changes was set at 40 and
maximum number of iterations was set at 200. These
values were determined from trial and error. Note that as
both the GA and SA were heuristic approaches, the
solution obtained from the optimisation procedure cannot
be guaranteed to be globally optimal.

2.6 Participants and experimental procedures

Experimental data (COP time series) were required to
specify model parameters. These data were a subset obtained
from eight male and eight female participants (18—24 years)
in a prior study (Lin et al. 2009). Briefly, COP time series
were obtained in the A/P and M/L direction, during trials of
quiet upright stance, both before and after exercises to
induce localised muscle fatigue (LMF). A commercial
dynamometer (Biodex Medical Systems, Shirley, NY, USA)
was used to induce LMF in the ankle plantar flexors (ankle
fatigue) and lumbar extensors (torso fatigue). During
fatiguing exercises, participants performed isotonic exer-
tions at 60% of individual capacity at 12 repetitions/min.

2.7 Model simulation and analysis

The flow of model simulation here was the same as described
earlier for our 2D balance control model (Qu et al. 2007).
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Table 1. Glossary of COP-based dependent measures.

Acronym Description Units
RMS Root mean square distance mm
MV Mean velocity mm/s
CFREQ Centroidal frequency Hz
FREQD Frequency dispersion -

TT Transition time S

TA Transition amplitude mm?
Hs Short-term scaling exponent -

Hp Long-term scaling exponent -

After specifying the model parameters (by minimising the
cost function, Equation (18)), the model was then used to
predict both traditional and some statistical mechanics COP-
based measures that did not appear in the cost function. The
latter were the transition time (A/P TT and M/L TT),
transition amplitude (A/P TA and M/L TA), short-term
scaling exponent (A/P Hg and M/L Hg) and long-term scaling
exponent (A/P Hy and M/L Hy (Collins and DeLLuca 1993;
Rougier 1999). Descriptions and units of both traditional and
statistical mechanics measures are given in Table 1. Note
that traditional and statistical mechanics measures derived
from COP time series assess fundamentally different aspects
of postural control (Norris et al. 2005). Specifying the model
using the former, and evaluating it using the latter, was
considered a fairly rigorous method to assess the
performance of the 3D balance control model. In addition,
inclusion of both pre- and post-fatigue COP data allowed for
assessment of the model over a broader range of
circumstances.

Quantitative evaluation of the model was undertaken
by comparing simulated COP-based measures with
corresponding experimental measures. Specifically, the
simulated measures were normalised by their correspond-
ing experimental measures, and 95% confidence intervals
of these normalised simulated measures were obtained
(i.e. perfect predictions would yield values of unity).
These confidence intervals are equivalent to two-tailed
t-tests with a = 0.05, and differences between the
simulated and experimental data are not significant if
values of unity were included in the confidence intervals.
In addition, normalised errors between simulated and

Table 2.  Summary values of experimental COP-based measures.

experimental COP-based measures were also calculated
and presented to evaluate the model performance in
simulating COP-based measures.

Values of the cost function (Equation (18)), which are
the scalar errors between simulated and experimental
data, were used to assess whether the model simulation
ability differed between pre- and post-fatigue conditions.
This comparison was done using a one-way ANOVA.
Finally, bivariate correlations were determined between
the simulated COP-based measures and model
parameters.

3. Results

For all traditional COP-based measures, 95% confidence
intervals of the normalised simulated values included unity
(Figure 5(a)), and means for these were all within the range
of 0.9-1.1, or very close to the ideal value of unity.
Furthermore, mean normalised errors between simulated
and experimental traditional COP-based measures were all
<8% (Table 3). These results suggest that the proposed
model could reasonably simulate traditional COP-based
measures. In contrast, predictions of statistical mechanics
measures were somewhat less favourable. Except for TT,
mean values were generally close to unity (Figure 5(b)), and
mean normalised errors were ~3-66% (Table 3). All
confidence intervals for predicted statistical mechanics
measures contained unity, though these intervals were quite
broad (Figure 5(b)). Among the statistical mechanics
measures, Hg was predicted substantially better (i.e. mean
near unity, normalised error <4% and small confidence
interval range). A non-significant (p = 0.14) effect of
fatigue was found on the cost function, which had a mean
(SD) value for pre-fatigue data of 0.439 (0.171), and
respective values of 0.479 (0.145) and 0.456 (0.140) after
ankle and torso fatigue.

Some patterns were evident among the bivariate
correlations between model parameters and COP-based
measures (Table 4). Random disturbance gains (k,; and
k,») were significantly correlated with all simulated COP-
based measures except Hg. In contrast, some model
parameters (wq;, wp; and wp,) had no significant
correlations with any of the simulated COP-based
measures.

RMS MV CFREQ FREQD TT TA Hs H,
A/P Mean 6.68 10.52 0.549 0.903 0.579 26.33 0.817 0.198
SD 2.95 3.55 0.139 0.061 0.297 26.23 0.041 0.100
M/L Mean 6.31 13.08 0.582 0.844 0.477 34.35 0.829 0.148
SD 2.19 4.95 0.153 0.079 0.122 31.50 0.030 0.109
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Figure 5. Means and 95% confidence intervals of the
normalised simulated COP-based measures (top: traditional
measures; bottom: statistical mechanics measures). Dotted
horizontal lines indicate unity, or perfect model predictions.
Experimental references used for normalisation are given in
Table 2.

4. Discussion

In this study, a 3D balance control model based on an
optimal control strategy was developed, and evaluated in
terms of its ability to simulate postural sway in both the
A/P and M/L directions. As COP-based measures are most
commonly used to characterise postural sway (Prieto et al.

1996; Peterka 2000; Baratto et al. 2002), we adopted COP-
based measures to evaluate the simulation performance of
the model. In general, COP-based measures can be
classified into three groups: time-domain measures,
frequency-domain measures and statistic mechanical
measures (e.g. Prieto et al., 1996; Norris et al., 2005).
Each of these types was incorporated, including two time-
domain measures (RMS and MV), two frequency-domain
measures (CFREQ and FREQD) and four statistical
mechanics measures (TT, TA, Hg and Hp). Given this
range of measures, results obtained from this study can be
expected to reasonably account for diverse aspects of
balance control mechanisms.

There were no significant differences between any of
the simulated traditional measures and their experimental
references, and the normalised errors between them were
as small as less than 8%. In addition, the simulated
measures were fairly consistent, having narrow confi-
dence intervals, despite being generated across a range of
participants and for conditions before and after LMF.
Good performance was also found overall in predicting
statistical mechanics measures given that the simulated
and experimental statistical mechanics measures were not
significantly different. According to these results, the 3D
balance control model appears able to accurately simulate
postural sway behaviours. Thus, our initial hypothesis
was supported. Such a model may thus be of use to
further investigate balance control mechanisms,
for example, when individual differences and task
conditions (e.g. ageing and LMF) affect balance control.

It is important to note the essential difference between
the traditional and statistical mechanics measures derived
from COP time series, and that each was used differently
here. Experimental values of traditional measures must be
available in advance, and were used to calculate the cost
function. In contrast, experimental values of the statistical
mechanics measures were only used after model
specification and simulation. Thus, it seems unlikely that
simulated traditional measures and simulated statistical
mechanics measures would have the same level of
accuracy. This argument may help explain why the widths
of the confidence intervals of the statistical mechanics
measures were typically larger than those of the traditional
measures (Figure 5).

Table 3. Normalised errors (as %) between simulated and experimental COP-based measures.

RMS MV CFREQ FREQD TT TA Hg Hp
A/P Mean 39 3.6 7.7 5.8 155.2 65.9 3.6 354
SD 223 232 26.4 13.6 2543 191.5 9.0 209.0
M/L Mean 1.1 0.0 1.9 5.9 45.7 314 35 7.8
SD 20.3 23.8 27.0 17.4 90.6 114.3 8.1 213.0
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0.634*
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0.020
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0.084
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- 0.076
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0.119
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0.159
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0.065

0.059
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0.147
—0.115
—0.271*
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0.183
— 0.057
— 0.478*
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0.007
0.297*
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- 0.516*
— 0.433*
0.099
0.309*

w31
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—0.130
— 0.059

0.016
—0.022
—0.152
—0.118

0.058

0.036
0.152
—0.095
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0.044
0.146
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- 0.107

Table 4. Bivariate correlations between model parameters and simulated sway measures.

A/P RMS
A/P MV
A/P CFREQ
A/P FREQD
A/P TT

A/P TA

A/P Hs

Computer Methods in Biomechanics and Biomedical Engineering 1061

Yoot aol Among the statistical mechanics measures, we may
§ g §. g g Sz § g note that simulated A/P TT was associated with the largest
L normalised errors (Table 3). TT accounts for the time
ek ke owow e when a transition occurs from an open-loop to a closed-
LRLEASIAECKR S loop control scheme. As such, the accuracy of simulated
ANt oS <t nwnoOaon .
SeSsSsSsssss A/P TT could be affected by the feedback loop in the
| b | postural control system model. As the feedback com-
¥ % % % % % ponent in the proposed postural control system model is
NO =<tV —n O . .
LSBT the sensory system (Figure 1), the current time-delay
ee <|3 ‘f ceocee model may be too simplistic to account for the full features
of the sensory system.
- N VR - N N No significant or substantial difference was found in
Ao =4 =0 the optimisation cost function across several LMF
Lol Lol conditions, suggesting that the ability of the model to
e oo . simulate COP-based measures may not be affected by
SRELAXRRRAE LMF. This was expected, as none of the model parameters
NOoO NN —~— A < . .
SSSSSSs3S3SS or subparts of the model were specifically designed to
I I | reflect the presence or absence of LMF. LMF affects
B R E ° COP time series, and derived COP-based measures
QD= QN NN [ag] . .
A2qR]xXad (Corbeil et al. 2003; Lin et al. 2009), yet the model has
ceeoocoooo sufficient degrees of freedom (unspecified model par-
| [ [ . .
ameters) to account for such changes such that simulation
A~ O ot — N accuracy is not affected.
=R=R== e =B =B Several significant correlations were found between
Lol | model parameters and COP-based measures, and can be
. . used to predict and/or specify how internal postural control
BSRTRTLIR changes affect balance control. For example, the sensory
P P S delay time at the hip (7,) had significantly positive
Lol (I correlations with TT and H; in both the A/P and M/L
% % X ¥ % %% directions. An increased TT indicates that the open-loop
0 — 0V AN N .
Pl gali sl = control scheme has a longer duration, whereas an
? ceee ? ? ee ? increased H; suggests that, over long-term intervals,
postural control has become less anti-persistent
O — &~ (Norris et al. 2005). Both a longer open-loop control
SN <t — 00 0O — N . . .
S =A== — scheme and less anti-persistent postural control might
SO OO OoOOoO OO O .
L1 | result in a more unstable postural control system because
. . the body posture tends to be further away from
SRR equilibrium. Thus, it might be concluded that when the
SSS3s3S3SS sensory delay time at the hip increased, the postural
bl bl control system became more unstable.
LI S S Y Similar analysis can be performed for other model
2EILAKIEQ parameters. In general, when the statistical mechanics
? cee ? C" ee ? measures increased, the postural control system tended to
become more unstable. However, relationships between
A2R8¥LLEY the statistical mechanics measures and some model
—_ O OO OO OO .
SocococooSS3SS parameters were not always consistent. For example, TA
b bl bl g significantly increased with increases in random disturb-
SEhQ®enono T“: ance gains (k,; and knz),. while TT and HL.s1gmﬁcantly
= g g g = g g = g s decreased. In such cases, it cannot be determined whether
| I |8 larger random disturbance torques would lead to a more
on y unstable postural control system simply by analysing
- gi 8 = statistical mechanics measures, and, therefore, additional
B A~ R § COP-based measures should be considered. For instance,
FREZOLEETT | & : ” -
2ddad2aa4 | & when random disturbance gains became larger, time-
% === 4 domain sway measures significantly increased, indicating
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that the projection of the whole body COM moved closer
to the boundary of the base of support. Thus, a more
unstable postural control system should have larger
random disturbance joint torques.

The postural control system is a complex (and in most
situations an automatic) control system. It is generally
accepted that the neural controller generates active joint
control torques according to feedback regarding body
orientations to maintain balance. Thus, balance control has
usually been analysed from a control perspective (e.g.
Johansson et al. 1988; Ishida et al. 1997; Igbal and Roy
2004). Existing control theories, however, are more
effective in solving linear control problems, whereas the
postural control system is obviously nonlinear. A 2D
single-segment inverted pendulum model has been used
most often to represent the human body when modelling
balance control because linearisation in such a case is
relatively easy. In contrast, 3D balance control, models
have been rarely used previously due to the inherent
complexity, although such a model may be a more valid
representation.

In the present study, a linearised 3D balance control
model was developed, in which several assumptions were
made during linearisation. These assumptions may lead to
limitations. For example, we assumed that during quiet
upright stance the lower segment and upper segment rotate
in the sagittal and frontal planes, respectively, based on
earlier evidence for the use of an ankle and hip strategy to
control postural sway in these planes (Winter et al. 1996).
This assumption may be an oversimplification, in that
postural sway in 3D space is likely to be more complex.
However, as discussed earlier, the proposed model was
able to accurately simulate and predict COP-based
measures, supporting the validity of the assumptions
adopted regarding the contributions of the ankle and hip
joints, at least in the current experimental context. In other
words, the current results support previous findings that the
ankle and hip strategies are applied primarily to control
postural sway in the sagittal and frontal planes, respectively
(McClenaghan et al. 1996; Winter et al. 1996). Therefore,
the current approach is considered to provide an increment
in modelling and understanding the complex processes
involved in human postural control, and serves as a basis
for future expanded modelling efforts.
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