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A Phase-Locked Loop Model of the Response of the
Postural Control System to Periodic Platform Motion

Robert J. Schilling, Senior Member, IEEE, and Charles J. Robinson, Fellow, IEEE

Abstract—A phase-locked loop (PLL) model of the response
of the postural control system to periodic platform motion is
proposed. The PLL model is based on the hypothesis that quiet
standing (QS) postural sway can be characterized as a weak
sinusoidal oscillation corrupted with noise. Because the signal to
noise ratio is quite low, the characteristics of the QS oscillator
are not measured directly from the QS sway, instead they are
inferred from the response of the oscillator to periodic motion
of the platform. When a sinusoidal stimulus is applied, the QS
oscillator changes speed as needed until its frequency matches that
of the platform, thus achieving phase lock in a manner consistent
with a PLL control mechanism. The PLL model is highly effective
in representing the frequency, amplitude, and phase shift of the
sinusoidal component of the phase-locked response over a range
of platform frequencies and amplitudes. Qualitative analysis of
the PLL control mechanism indicates that there is a finite range of
frequencies over which phase lock is possible, and that the size of
this capture range decreases with decreasing platform amplitude.
The PLL model was tested experimentally using nine healthy
subjects and the results reveal good agreement with a mean phase
shift error of 13.7 and a mean amplitude error of 0.8 mm.

Index Terms—Mathematical model, phase-locked loop, postural
control.

I. INTRODUCTION

T HE ability of humans to stand upright and maintain bal-
ance in the presence of disturbances is achieved through

the postural control system. Postural control consists of both
postural steadiness associated with the ability to maintain bal-
ance during quiet standing, and postural stability that is asso-
ciated with the response to applied external disturbances and
volitional postural movements [1]. The postural control system
makes use of information from the visual, vestibular, and so-
matosensory systems [2].

Balance is achieved when the subject’s center of gravity
(COG) remains within the base of support. The COG is the ver-
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tical projection of the center of mass onto the base of support.
It is a whole body characteristic that is difficult to directly mea-
sure, so typically the center of pressure (CoP) is used instead.
The CoP is the location of the vertical ground reaction force on
the surface upon which the subject stands. CoP movements are
used to control the horizontal displacements of the center of
mass. In general the CoP varies about the COG, but with higher
amplitude and higher frequency content [3]. Using a single
force plate, it is the net CoP from both feet that is measured [4].
Over an extended period of time of quiet stance, the average of
the CoP must equal the average of the COG [5].

During quiet standing, humans sway to maintain balance; and
this motion can be measured using the anterior–posterior (AP)
and the medial–lateral (ML) components of the CoP. Different
control mechanisms and different muscle groups are used to
control AP and ML motion [3]. Most mathematical models of
the postural control system are biomechanical and employ a 1-D
or 2-D inverted pendulum structure [6]–[9]. Some look at the
contributions of each leg separately and, therefore, include a pair
of inverted pendulums [4], [5]. Others are more refined and in-
clude an articulated chain of links interconnected by joints to
model the effects of the ankles, knees, hips, shoulders, elbows,
and neck [5]. One control system strategy suggests that high
ankle stiffness accounts for most, but not all, of postural steadi-
ness [10]–[13]. Another approach employs continuous linear
feedback including proportion plus derivative (PD) and pro-
portional plus integral plus derivative (PID) control [14]–[16].
Both of these approaches achieve asymptotic stability with the
residual sway movements being noise driven. Another control
system representation has been proposed that relies on an inter-
mittent controller that becomes activate when the sway motion
moves outside of a small dead zone [7], [17]. Here the persis-
tent sway patterns are not noise driven but result from the limited
resolution of the controller.

Most of the control system model focus on the question of
postural steadiness or the ability to maintain balance during
quiet standing. This paper focuses on the development of a
control system model that characterizes postural sway when
human subjects are exposed to periodic disturbances whose
frequencies and amplitudes vary [14], [18]. It is hypothesized
that quiet standing motion can be represented mathematically
as a noise-corrupted oscillation. A nonlinear phase-locked
loop (PLL) structure is used to control both the frequency and
the amplitude of the quiet standing oscillator when a periodic
stimulus is applied [19]. If the stimulus amplitude is sufficiently
large and the stimulus frequency is sufficiently close to the quiet
standing frequency, the oscillator will achieve phase lock with
a well-defined phase angle between the periodic disturbance
and the steady-state response. Measurements of the amplitude

1534-4320/$26.00 © 2010 IEEE



SCHILLING AND ROBINSON: A PHASE-LOCKED LOOP MODEL OF THE RESPONSE OF THE POSTURAL CONTROL SYSTEM 275

and the phase of the steady-state response are used to identify
parameters of a PLL model.

To test this notion, subjects stood on an air bearing platform
that was made to undergo sinusoidal AP motion in order to gen-
erate a periodic disturbance to the postural control system. The
measured response was the CoP of the subjects along the direc-
tion of platform motion. Nine healthy young adults were tested
to collect the experimental data used to develop and test the
model. The results show that a PLL structure is highly effective
in describing the experimental behavior observed in this study.

II. METHOD

A. Subjects and Testing Procedures

To develop and test the proposed postural control system
model, experimental sway measurements were taken for si-
nusoidal disturbances. The set of subjects consisted of nine
healthy young adults ranging in age from 20 through 29 years.
The number of males was seven and there were two females.
The subjects were recruited from the community by advertising
at Clarkson University. The recruiting, screening, testing, and
informed consent procedures were reviewed and approved
by the appropriate Institutional Review Board. The subjects
that were recruited for this investigation all underwent visual,
vestibular, auditory, musculoskeletal, and cognitive screening
to maximize the likelihood that they had no undiagnosed
conditions that may have affected their balance [20].

The experimental data were obtained using the SLIP-FALLS
system, a sliding linear investigative platform for analyzing
lower limb stability [21]. This is a computer-controlled
air-bearing mobile platform instrumented with a force plate
to precisely measure CoP. For the quiet standing portion of
this study the platform was held motionless, and the subjects
stood barefoot with their arms at their sides. Throughout the
data collection, the backs of both heels were aligned in the
frontal plane, with feet splayed out at natural stance. In the ML
direction, subjects were asked to maintain their normal width
stance. In order to minimize the effects of visual and audio
cues, the subjects were blindfolded, and headphones were used
to provide masking noise (70 dB SPL) and instructions. The
use of the eyes-closed condition during 60 s of quiet stance did
not appear to have any detrimental effects on the subjects.

Each subject was also exposed to four trials, each of dura-
tion 120 s, where the platform underwent sinusoidal motion in
the AP direction. Two of the frequencies used were fixed at
0.5 and 0.75 Hz. The other two frequencies were determined
using the two largest peaks in the power density spectrum of the
quiet standing sway. For each frequency, the amplitude used was
determined by first measuring a psychophysical threshold in
which the subject is able to correctly perceive that the platform
is moving 75% of the time. A modified single-interval-adjust-
ment matrix (mSIAM) protocol based on 30 trials was used to
adaptively compute the threshold amplitude [22]. The resulting
sinusoidal amplitudes were quite small with a mean of 1.08 mm,
and they varied from subject to subject.

III. A PLL MODEL

A. Quiet Standing Oscillator

Since humans sway in order to maintain balance, it seems
reasonable to assume that there is some form of underlying os-
cillation involved. For control system models that are asymptot-
ically stable such as ankle stiffness and PID feedback control,
the oscillation is noise driven. Alternatively, an intermittent or
burst controller has been proposed that achieves bounded sta-
bility with oscillations that are the result of a limited-resolution
controller [7]. Another approach suggests that imperfect percep-
tion of the body in space (state estimation error) explains why
humans sway slowly during quite stance [14], [23]. Our focus
is on the response of the postural control system to periodic dis-
turbances. Consequently, no attempt is made to develop a de-
tailed biomechanical model of quiet standing sway itself. In-
stead, the following high-level representation of postural sway
is employed that consists of a sinusoidal oscillation corrupted
with additive noise

(1)

(2)

Here, is the AP CoP, while , , and are the ampli-
tude, frequency, and phase, respectively, of an underlying quiet
standing (QS) oscillator. The additive noise consists of white
noise processed by a linear filter whose impulse response,

, shapes the spectrum of the observed noise, . The rep-
resentation of in (1) and (2) corresponds to the Wold decompo-
sition of a stationary random process into the sum of a general
linear process plus a predictable process, , [24]. In
order to identify the parameters of the QS oscillator from sam-
ples of the AP CoP, it is useful to convert the system in (1) and
(2) to a discrete-equivalent model. Suppose is the sampling
frequency, is the sampling interval, and denotes
discrete time. Then (1) and (2) can be written as follows where
an th order auto-regressive filter is used to shape the spectrum
of the noise

(3)

(4)

1) Extracting a Sinusoid: Suppose the measured postural
sway consists of the samples for . When
the platform is driven by a sinusoidal stimulus, it will be nec-
essary to estimate the amplitude, frequency, and phase angle of
the sinusoidal component of the steady-state response. In [25] a
statistical approach was applied to visually-induced sway using
sinusoidal optical flow at two frequencies. In this paper a nor-
malized cross-correlation approach is used because it is effec-
tive in the presence of noise, and it provides an indication of the
degree of entrainment. To estimate the sinusoidal component of
the AP CoP, consider a cosine of frequency and unit amplitude

(5)

Let denote the normalized cross correlation of with
where is the lag variable and for
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. The peak normalized cross correlation of with can
be regarded as a function of

(6)

The value of at which achieves a maximum is used
to estimate the frequency

(7)

The peak normalized cross correlation, , can have a
number of local maxima. However, since the frequency interval
is bounded, one can start by examining the value of
at the discrete frequencies for
where is the precision of the DFT of . Once
a discrete frequency that maximizes is found, the
search process then can be repeated over the smaller interval

. This step-wise refinement can be repeated
as needed until the desired precision is reached. The optimal
phase angle, , is obtained from the lag at which the peak
normalized cross correlation in (6) occurs

(8)

Given and , the corresponding amplitude is determined
by minimizing the sum of the squares of the error

. Let and suppose
and are column vectors. Then

(9)

This results in the following sinusoidal component of postural
sway

(10)

The peak normalized cross correlation can be used
to determine the relative strength of the sinusoidal component
of the sway. For the idealized case , the peak is

. The relative strength of also can be ex-
pressed in terms of the signal to noise ratio using as the
signal and as the noise. Plots of the CoP
and platform for a 24-year-old healthy female are shown in
Fig. 1. The heavy lines show the extracted sinusoids of the CoP

and platform . The platform cross
correlation is not quite 1.0 due to the start up transient which de-
lays the sinusoidal platform motion by about two seconds. Here

and .
2) Noise Parameters: The technique outlined in (7)–(9) can

be used to extract the sinusoidal component of the postural sway
both with the platform moving and the platform still. However,
when the platform is motionless, the extracted QS signal typi-
cally has a relatively weak peak cross correlation, , in-
dicating that the signal to noise ratio is poor. Since the quiet
standing oscillation is often buried deep within the noise, the
frequency of the quiet standing oscillator will instead be in-
ferred from phase shift measurements when the postural sway

Fig. 1. Extraction of the sinusoidal components of CoP and platform data for
a 24-year-old healthy female. The numbers in parentheses are the peak cross
correlations.

is phased-locked to periodic motion of the platform. Once the
quiet standing frequency is obtained in this manner, the quiet
standing phase and amplitude can be computed using (8)
and (9), respectively.

Given the sinusoidal component of the QS sway, the additive
noise can be computed from (3). An auto-regressive filter of
order is used to shape the spectrum of the white noise
to match that of . The coefficient vector can be
computed by solving the Yule-Walker equations [24] using the
autocorrelation of .

B. Phase-Locked Loop

When a sinusoidal stimulus is applied to the platform, the
steady-state CoP typically becomes phase-locked with the pe-
riodic stimulus. Phase lock can be interpreted as the QS os-
cillator changing speed, as needed, until its frequency exactly
matches that of the periodic stimulus. This interpretation sug-
gests a phase-locked loop (PLL) feedback structure, as shown in
Fig. 2 [19]. Here the nonlinear PLL consists of a phase detector
in the form of a multiplier, a first-order low pass loop filter, and
the QS oscillator with amplitude one and adjustable frequency

.
1) Hold in Range: To analyze the steady-state operation of

the PLL, suppose the platform moves in a sinusoidal manner
with amplitude and frequency

(11)

Consider the case when the frequency of the QS oscillator
exactly matches that of the platform

(12)

Using a trigonometric identity, the multiplier output
contains a sum frequency term and a difference frequency term

(13)
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Fig. 2. PLL model of the QS oscillator driven by periodic motion of the platform.

If , then the second harmonic will be attenuated
by the loop filter, and only the dc term will appear in the filter
output

(14)

For phase lock to occur, it is necessary that .
Setting equal to in (14) and solving for yields the
QS oscillator phase shift during phase lock

(15)

From (15) it is clear that phase lock is possible only for input
frequencies and input amplitudes that satisfy the fol-
lowing constraint:

(16)

This is the hold-in range of the PLL where phase lock is pos-
sible, but not guaranteed. The subset of the hold-in range over
which phase lock occurs is the capture range of the PLL [19].

The first-order loop filter is not an ideal low pass filter. Con-
sequently, during phase lock the oscillator frequency will
be periodic with period , but it will have a mean value of

. The higher-order low pass filter in Fig. 2
provides a smoothed estimate of the input frequency . For ex-
ample, a fourth-order low pass Butterworth filter with a cutoff
frequency of can be used.

2) PLL Parameters: Suppose that measurements of the
phase shift are available corresponding to sinusoidal inputs
with amplitude and frequency for . The
parameters of the PLL that must be determined are the loop filter
time constant , and the loop filter gain . The loop filter
time constant should be set to produce a cutoff frequency

that removes the second harmonic at . For example, the
following cutoff provides reasonable attenuation

(17)

The loop filter gain must be selected to ensure that the
and fall well within the hold-in range for .

For example, suppose in (15) is set to . Setting
to its maximum value and solving for

yields the following loop filter gain

(18)

Fig. 3. The smoothed PLL frequency, � � � �����, for nine subjects for
platform frequencies of 0.5 Hz and 0.75 Hz.

(19)

Since can become very large as approaches zero, for
practical reasons is replaced in (18) by to limit
the loop filter gain. For the nine subjects, two of the input fre-
quencies were common, and . Plots
of the variable for the two common fre-
quencies are shown in Fig. 3. It is clear that the PLL has locked
onto the platform frequency in each case.

C. Amplitude Control

A PLL based on the QS oscillator can be used to represented
the phase shift between the steady-state CoP and sinusoidal plat-
form motion. However, the amplitude of the PLL oscillator re-
mains fixed at one, independent of input amplitude and input
frequency . During phase lock, . To measure the
input amplitude, , a basic envelope detector system can be
used that consists of a nonlinear element fol-
lowed by a low pass filter

(20)

When is sinusoidal as in (11), the periodic signal
contains a dc term, , plus second and higher order

harmonics. The function of the low pass filter is to re-
move the harmonics. This is the same role played by the low
pass loop filter in Fig. 2 and results in the envelope detector
output, .
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Fig. 4. Overall PLL model of CoP during quiet standing and periodic motion
of the platform.

D. Propagation Delay

The overall PLL model of sway motion includes a PLL block
and an envelope detector block configured as shown in Fig. 4.
The system in Fig. 4 also includes a propagation delay , and
an amplitude gain function .

The delay represents the time required for signal propa-
gation associated with neural transmission, sensory processing,
and muscle activation. The propagation delay contributes

to the overall phase shift between and . Thus
the total phase shift can be obtained by adding to the PLL
phase shift in (15). To determine a suitable value for
the delay , recall that represents the measured phase shift.
The propagation delay is chosen to account for as much of the
observed phase shift as possible by selecting to minimize the
sum of the squares of the error, for .
This yields the following least-squares propagation delay where

and are column vectors

(21)

The residual phase shift, , represents the
component of the phase shift associated with the PLL. Suppose a
first-order polynomial is fitted to the residual
phase shift data for using a least-squares
fit. The frequency at which the residual phase shift is zero is
then . From (15), the PLL contributes a phase shift
of zero when . Consequently, the frequency of the QS
oscillator is set as follows:

(22)

1) Amplitude Parameters: The remaining component in
Fig. 4 is the amplitude gain function . Note that the amplitude
of the sinusoidal oscillation appearing in output is

. For the amplitude gain function, the following
first-order bilinear form is used:

(23)

Recall that , and when the PLL is locked, .
During quiet standing, , and the QS oscil-
lator amplitude is . To determine values for the coeffi-
cient vector , let represent the measured amplitude
of the QS oscillator when the platform is driven with a sinusoid
of frequency and amplitude for . Next define

TABLE I
PARAMETERS OF PLL MODEL. THE LAST ROWS ARE THE MEAN, �, AND

THE STANDARD DEVIATION, �. HERE � , AND � ARE THE MEANS OF

THE PHASE SHIFT ERROR, AND AMPLITUDE ERROR, RESPECTIVELY

the coefficient matrix , and the right-hand side
vector as follows:

...
...

...
(24)

(25)

For , the linear algebraic system is over deter-
mined, and the least-squares solution for the coefficient vector

is

(26)

IV. RESULTS

A. Individual Models

The CoP data are available as sampled signals with a sam-
pling rate of . Consequently, the PLL sway model
is converted to discrete-equivalent form using a backward Euler
approximation for the loop filter, and a trapezoid rule integrator
for the QS oscillator.

The experimental data used to identify and test the model con-
sisted of discrete-time signals from each of the nine
subjects. These included a vector representing 60 s
of quiet standing AP CoP sway where . The data
also included a matrix whose columns contained
the platform samples for sinusoidal trials, each of du-
ration 120 s with each trial corresponded to a particular input
frequency and input amplitude . The corresponding AP
CoP was recorded in .

The parameter identification methods for the PLL model were
applied to each of the subjects with the results summarized in
Table I. The parameter is the quiet standing fre-
quency, or center frequency of the PLL, expressed in hertz. The
loop filter parameters, and , are determined by applying
(17)–(19) using the range of platform frequencies, , and am-
plitudes, . The latter serve to define the domain over which
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Fig. 5. Phase shift of the sinusoidal component of AP CoP for (a) a healthy
28-year-old female subject and (b) a healthy 24-year-old male subject.

the PLL model is defined. Similarly, the amplitude parameters,
, are determined using (24)–(26).

To measure phase shift, first (7)–(9) were used to find the
frequency , phase angle , and amplitude of the platform
for the th trial. Similarly, (7)–(9) were used to determine the
frequency , phase angle , and amplitude of the CoP. The
two signals were regarded as phase locked when

and . The threshold, ,
corresponds to the frequency precision available from a DFT of
the data. Using this criterion, the CoP sway was phase locked
to the platform in 89% of the trials. It is not surprising that two
of the subjects achieved phase lock only 50% of time because
a low platform amplitude, corresponding to a psychophysical
threshold, was used. Once the phase lock was determined, (8)
and (9) were applied with to determine the phase angle

and amplitude of of the CoP. This was done because the
phase shift only has meaning when the frequencies
match.

Let denote the corresponding phase shift asso-
ciated with the PLL model for . The following mean
phase shift error can be used to measure the effectiveness of
the PLL model in characterizing the steady state postural sway
during periodic motion of the platform

(27)

The mean of for the group of subjects was and
the standard deviation was . The CoP and PLL phase
shifts for one female subject and one male subject are shown in
Fig. 5. For these two cases from Table I, the mean phase shift
errors were 14.0 and 15.3 , respectively.

Next recall that denotes the measured amplitude of the
sinusoidal component of the sway for the th trial. If denotes

Fig. 6. Amplitude of the sinusoidal component of AP CoP for (a) a healthy
28-year-old female subject and (b) a healthy 24-year-old male subject.

the corresponding amplitude associated with the PLL model,
then the following mean amplitude error can be used to measure
the effectiveness of the PLL model in characterizing the steady
state postural sway during periodic motion of the platform:

mm (28)

The mean of for the group of subjects was mm
and the standard deviation was mm. The CoP and PLL
amplitudes for the same pair of female and male subjects are
shown in Fig. 6. For these two cases, the mean amplitude errors
were 0.1 mm and 0.4 mm, respectively. At the lower frequen-
cies, the PLL oscillator output can exhibit harmonic distortion
due to the ripple in . Consequently, the peak value of
was used to compute the amplitude in (28).

B. Composite Model

Although the platform frequencies and amplitudes vary from
subject to subject, all of the experimental phase shift data can be
plotted on a single graph if a normalized version of the platform
frequency is used. Recalling (15), the following normalized fre-
quency variable takes on values between and 1 over the hold
in range of the PLL:

(29)

Using as the independent variable, plots of the total phase
shift are shown in Fig. 7. To facilitate a comparison between
the CoP data and PLL model, straight line least-squares fits are
also shown. Although there is clearly variation in the phase shift
data when all of the subjects are included, it is apparent from the
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Fig. 7. CoP and PLL phase shifts versus normalized frequency. The � value
for the CoP linear regression is 0.36 and for the PLL linear regression is 0.53.

Fig. 8. Amplitude gain, � � ���, for the CoP and the PLL model. The �
value for the CoP linear regression is 0.57 and for the PLL linear regression is
0.59.

trend lines that there is good overall agreement between the data
and the PLL model.

The other characteristic of the sinusoidal component of the
sway during phase lock is the amplitude of the sway. For linear
systems, the amplitude of the output is proportional to the am-
plitude of the input with the gain, , being dependent
on the input frequency. A plot of amplitude gain is shown in
Fig. 8. Again to facilitate a comparison between the CoP data
and the PLL model, straight line least squares fits are included.
It is evident that there is very good agreement which is not sur-
prising since the amplitude gain function was determined by
using three coefficients to fit points in this case.

V. DISCUSSION

A. PLL Observations

The proposed PLL model of the postural control system is
based on the hypothesis that quiet standing CoP sway can be
characterized as a weak sinusoidal oscillation that is corrupted
with noise. Because the SNR of the QS oscillator is quite low (a

mean of ), it is difficult to directly compute the char-
acteristics of the oscillator from the QS sway itself. Instead, the
frequency and amplitude of the QS oscillator can be inferred by
examining how the oscillator responds to periodic motion of the
platform. When the platform is driven by a sinusoidal stimulus,
the QS oscillator changes speed until its frequency matches that
of the platform, thus achieving phase lock. The observed phase
lock behavior suggests an underling PLL mechanism that uses
multiplicative feedback. The phase shift between the CoP sway
and the moving platform can be used to determine the QS oscil-
lator frequency, , which corresponds to the center frequency
of the PLL. Once the frequency is determined, the QS ampli-
tude can be computed using a least-squares fit. During phase
lock, the observed phase shift is assumed to contain two com-
ponents, one from a propagation delay in the neural, sensory,
and motor systems, and the other from the PLL. The phase shift

remaining after the effects of the propagation
delay have been removed is referred to as the residual phase
shift. For a PLL controller, the residual phase shift should de-
pend on both the platform frequency and the platform ampli-
tude as in (15) as follows:

(30)

If the residual phase shift behavior is consistent with a PLL
mechanism, a number of qualitative observations can be made.

A) Phase lock is possible only over a finite capture range of
platform frequencies, .

B) The size of the capture range decreases with decreasing
platform amplitude, .

C) The residual phase shift decreases with increasing plat-
form frequency. It is positive for , and becomes
negative for .

D) The magnitude of the residual phase shift decreases with
increasing platform amplitude.

Although the results of the phase lock experiments are not
definitive, they do support these observations. Observations A
and B postulate that there is a capture range, and that the cap-
ture range shrinks as the platform amplitude decreases. Evi-
dence for this can be found by examining the cases in Table I
where phase lock was not achieved. Subjects 3 and 5 failed to
achieve phase lock in 50% of the trials. In both cases the fre-
quencies at which this phase lock failed were at the low end,

and at the high end, . This is consistent with
(30) where one would expect phase lock to fail as the phase shift
approaches the boundary of the hold in range. The mean value
of the platform amplitude for the failed phase lock trials was

mm in comparison with an overall mean platform
amplitude of mm. Again, this is consistent with the
observation that the size of the capture range decreases as the
platform amplitude decreases.

Observation C suggests that the sign of the residual phase
shift depends on whether the platform frequency is below or
above the PLL center frequency . Support for this observation
can be found in the plots of versus shown in Fig. 9. Most
of the data and the least-squares fit for the case are
positive. This is consistent with when the mean value
of is used. Similarly, most of the data points and
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Fig. 9. Residual phase shift versus the amplitude of the sinusoidal platform
motion for two frequencies.

the least-squares fit for the case are negative. Ob-
servation D suggests that the magnitude of the residual phase
shift should decrease as the platform amplitude increases. The
least-squares trend lines in Fig. 9 are consistent with this obser-
vation as well, although it is acknowledged that there is consid-
erable variation in the data.

The method used to identify the parameters of the PLL model
assumed that the QS oscillator is a weak sinusoidal oscillation
whose characteristics are difficult to directly measure because of
the significant noise present in QS sway. The indirect approach
to determining has the advantage that it allows one to set
the quiet standing frequency such that the PLL has zero phase
shift when the measured residual phase shift is zero, as was done
in (22). An alternative approach is to apply cross correlation to
the quiet standing data to find using (7), similar to what was
done for the periodic stimulus case. This leads to a mean QS
frequency of . This approach yields the same
qualitative results in terms of how the predicted phase varies
with frequency. However, the observed phase shift and the PLL
model will no longer be constrained to agree when the stimulus
frequency equals . The indirect approach to finding that
has been proposed here has the additional advantage that it does
not rely on the quiet standing sway having a single distinct peak
in its power density spectrum. In some instances a distinct single
peak in the quiet standing sway is observed, but in other cases
it is not.

Besides a QS oscillator, the other structural feature that
separates the PLL model from linear feedback models is mul-
tiplicative feedback followed by low pass filtering. Realization
of a multiplier type mechanism for phase detection might be
achieved through modulated transmission of information across
synapses. For example, if a QS oscillation opens different types
of ion channels, alternating between excitatory and inhibitory
post synaptic potential, then this could have a multiplicative
feedback effect on the neural pathway that senses platform
movement. Since the speed with which the overall system can
respond is limited, this limited bandwidth will contribute to a
low pass filtering of the multiplier output.

Fig. 10. Power density spectra of the PLL output for single-frequency and dual-
frequency sinusoidal inputs of amplitude � � � mm.

B. Nonlinear Effects

Many of the models that have been proposed for the postural
control system are linear. However, time-varying and nonlinear
effects have been reported. In [26] it was observed that the gain
decreased with increasing stimulus amplitude. This phenom-
enon was not observed here, probably because the stimulus am-
plitudes were kept very small. They were set using psychophys-
ical threshold levels making it more likely that one would be
operating in the linear region. However, even when the periodic
stimulus amplitude is kept small, nonlinear and time varying ef-
fects can be observed. For example, Loughlin and Redfern [27]
have shown that both young and old healthy subjects adapt to
constant frequency visual perturbations. Latt et al. [18] reported
experimental results that violate the principle of superposition.
The periodic stimulus used was galvanic vestibular stimulation
(GVS) instead of platform movement. The responses measured
included lateral CoP motion and head motion. The observed
nonlinear behavior was in response to a dual frequency input
consisting of two sinusoidal components, one at
and one at . Although each of these periodic com-
ponents, when applied separately, generated a distinct peak in
the power density spectrum at the input frequency, the dual fre-
quency stimulus did not produce a pair of peaks as would be
expected with superposition, but instead only contained a peak
at . The proposed PLL model is nonlinear due to the presence
of multiplicative feedback. To demonstrate that similar qualita-
tive behavior is possible, the PLL model was driven with the
inputs , and

with and .
The power density spectra (PDS) of the CoP for the three cases
are shown in Fig. 10. The PDS were computed using Welch’s
modified average periodogram method with overlapping subse-
quences and a Hamming window. Clearly, the principle of su-
perposition is not satisfied in Fig. 10 with the peak at

attenuated in the dual-frequency response. For the PLL
model, this phenomenon has a relatively simple explanation.
The PLL locked onto the first of the two sinusoidal components
of the stimulus. Similar behavior can be observed with other
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pairs of frequencies. The pair chosen in Fig. 10 was selected to
lie on both sides of and have a noninteger ratio. The dual fre-
quencies and used in [18] also can
be used if appropriate parameter values are selected for the PLL
model. The PLL parameter values used in Fig. 10 were those of
subject 7 in Table I.

C. Platform Movement Studies

A number of experimental studies have been reported that in-
clude platform perturbations. Peterka [26] used pseudo random
rotations of the support surface and the visual surround, with and
without sway referencing. The stimulus frequency range was

, and the amplitude range was . A mul-
tichannel model (visual, vestibular, proprioceptive inputs) based
on continuous feedback with PID control plus passive control of
an inverted pendulum was proposed. For a fixed stimulus ampli-
tude, the postural control system appeared to behave in a linear
fashion, but nonlinear saturation effects were observed when
the stimulus amplitude increased. It was shown that the non-
linear effects could be accounted for by changing the relative
weighting of the three sensory input channels as a function of
the stimulus amplitude with vestibular cues showing increased
importance for large stimuli. Kooij and Vlugt [14] employed
pseudo random periodic translations of a platform in the ML
direction with platform frequencies in the range .
Using spectral analysis, the CoM and ankle torque responses
were decomposed into periodic and remnant (stochastic) com-
ponents. The results supported the conclusion that balance con-
trol is based on a continuous feedback mechanism where ob-
served variations in the responses are due to noise associated
with state estimation errors. Jeka et al. [28] used a periodic
ML movement of a finger touch plate contact surface as a stim-
ulus, and ML head position, CoM, and CoP as responses. Fre-
quencies in the range and amplitudes in the range

mm were used. Based on observed phase lags, it was
concluded that both position and velocity feedback are used for
postural control.

The experimental studies in [14], [26], [28] as well as sim-
ular studies involving vestibular perturbation [29], [30] and vi-
sual perturbation [31] all measurement frequency response char-
acteristics using broadband stimuli. Because the PLL model is
nonlinear and therefore does not obey the principle of superpo-
sition, a broadband stimulus can not be used to directly mea-
sure its frequency response. However, using sinusoidal inputs
whose frequencies and amplitudes lie within the capture range
of the PLL, the frequency response can be determined in a point-
wise fashion by measuring the gain and phase shift of the sinu-
soidal component of the steady state response. For the range
of stimulus frequencies used here, , [26] reported
a magnitude response that was approximately flat with the gain
beginning to fall off beyond 1 Hz. This is in contrast to the com-
posite magnitude response shown in Fig. 8 where the gain in-
creases with frequency over the measured range. The discrep-
ancy is perhaps due to the different types and sizes of stimuli
used (large pseudo random tilting platform versus small sinu-
soidal translating platform) which make a direct comparison dif-
ficult. In [14] a translating platform was used and in this case the
gain (normalized to gravitational stiffness) did increase with fre-
quency similar to that observed in Fig. 8. Likewise, the CoP gain
increased with frequency in [28].

The phase information reported here agrees quite closely with
that observed in [14], [26], and [28]. In each case it was observed
that for low frequencies there is a small phase lead, and as the
stimulus frequency increases this causes a large phase lag char-
acteristic of a time delay. The time delay, , reported in [26]
varied with the stimulus amplitude and ranged from a mean of
191 ms for a 0.5 stimulus to 105 ms for an 8 stimulus. For
the PLL model a mean time delay of was found.
Recalling that only low amplitude (psychophysical threshold)
stimuli were used, this appears to agree reasonably well. It is
important to note that the residual phase shift component gen-
erated by the PLL does produce a phase lead at low frequencies
as can be seen in Fig. 9. Consequently, a small low frequency
phase lead accompanied by a large high frequency phase lag is
consistent with the proposed PLL model.

D. Conclusions

The PLL model presented here is a nonlinear model that does
not obey the principle of superposition. This is a limitation of
the proposed model because broadband inputs can not be used
to directly measure the frequency response characteristic as they
can with linear models. Instead, the frequency response can only
be measured in a pointwise fashion over the capture range of
the PLL. The absence of superposition is also a strength be-
cause the PLL model successfully predicts nonlinear behavior
observed in a dual frequency experiment reported previously in
[18] (albeit using a different type of stimulus). Another useful
feature of the proposed PLL control mechanism is that it sug-
gests a number of qualitative characteristics (items A-D) that
can be tested directly in future experiments. The PLL model re-
ported here was identified and tested using experimental data
obtained from nine healthy young adults. The data from these
subjects represents legacy data in that the primary focus was
the measurement of psychophysical threshold values for small
sinusoidal movements of the platform. It also included supple-
mentary quiet standing and phase lock experiments at four fre-
quencies and four amplitudes, and these provided sufficient data
to identify and test a PLL model. The authors are in the process
of designing additional experiments using a larger range of fre-
quencies and amplitudes applied to a wider group of subjects
including older subjects so that changes in the parameters of the
PLL model with age might be investigated. Preliminary indica-
tions suggest that older subjects who are less steady may exhibit
more phase shift and fall out of phase lock sooner than younger
subjects with superior balance. However, it remains to be de-
termined if this is actually the case. If the phase shift associ-
ated with a low amplitude sinusoidal stimulus can be measured
quickly and reliably, then this technique might potentially pro-
vide an alternative way to assess steadiness [32].
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