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To properly estimate of dimensional complexity (DC) from a time series some requirements should be meet concerning 
signal registration. Moreover, some parameters necessary for reliable reconstruction of chaotic character should be as-
sessed. In this paper, we calculate registration parameters, i.e. minimal sampling frequency and minimal registration 
time, for posturographic signal. To this aim we used posturographic signals from 32 young healthy participants. Ac-
cording to our results, posturographic time series should at least be 60 s long and be sampled at least every 10 ms.  

 
INTRODUCTION 

 
Posturography 
 Posturography is a method enabling quantitative 
evaluation of state and efficiency of human bal-
ance system. In this method, location of pressure 
center of the body is measured and registered 
under different experimental conditions. Usually 
posturographic signal is recorded by means of a 
platform (0.4 × 0.4 m) equipped with 4 force-
pressure sensors positioned in platform’s corners. 
The difference between indications registered by 
front and back sensors defines the AP (anterior-
posterior) signal which provides information about 
front-back movement of pressure center. The dif-
ference between indications of the left and right 
sensors gives LAT (lateral) signal which reflects 
movement of pressure center from side to side.  
 Thus far, posturography has not commonly been 
accepted as a useful clinical diagnostic method 
mainly for the sake of insufficient sensitivity and 
accuracy of usual parameterization of the signal 
(e.g. sway path, sway area, Romberg quotient) 
(Motta, Spano, Neri, Schillaci, Corteloni, Ander-
marcher, Gamberini & Rizolli, 1991; Prieto, Myk-
lebust, Hoffmann, Lovett & Myklebust, 1996). 
 There are several types of posturography 
(Accornero, Capozza, Rinalduzzi & Manfredi, 
1997; Alexander, 1994; Gu, Schulz, Shepard & 
Alexander, 1996; Horak, Shupert & Mirka, 1989; 
Judge, King, Whipple, Clive & Wolfson, 1995; 
Myklebust, Prieto & Myklebust, 1995; Perrin & 
Perrin, 1996; Whipple, Wolfson, Derby, Singh & 
Tobin, 1993). Most popular is static posturography 

in which the pressure centre movement is regis-
tered during quiet standing while looking on a 
point located on the gaze level. There are some 
variants of this method: with eyes open or closed 
(in order to exclude visual feedback) (Alexander, 
1994; Horak et al., 1989; Judge et al., 1995; Myk-
lebust et al., 1995; Whipple et al., 1993), with 
normal position of the head and with the head 
pulled back (in order to partially exclude vestibule 
feedback), with a parallel performing a mental task 
(to partially exclude the influence of conscious 
attention (Shumway-Cook, Woollacott, Kerns & 
Baldwin, 1997)) and with standing on the solid 
ground versus thick sponge (Colledge, Cantley, 
Peaston, Brash, Lewis & Wilson, 1994) or on a 
beam (Alexander, 1994) in order to partially ex-
clude proprioceptive signals from participants’ 
foots. 
 
Chaos theory and dimensional complexity 
 Chaos theory is a relatively new branch of sys-
tem theory studying the systems described by a 
class of deterministic non-linear differential equa-
tions. Each non-linear system can (a) achieve 
equilibrium (i.e. all variables describing the system 
do not vary anymore), (b) oscillate, (c) behave 
irregularly but some special kinds of regularity 
could be proven with proper mathematical tools. 
Chaos theory examines this third kind of non-
linear systems. 
 One of the basic parameters which describes the 
degree of complexity and irregularity of analyzed 
signal is so-called dimensional complexity (DC). 
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Formally, DC is defined as (Pritchard & Duke, 
1995):  
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where d – stands for DC, r – describes the object 
size in a single dimension, M – is the “bulk” of the 
object and the symbol ∝ stands for “is propor-
tional to”. The term “bulk” was put in quotes be-
cause its exact meaning is flexible. Depending on 
context, it can refer to linear distance, area, vol-
ume, mass, or even amount of information 
(Pritchard & Duke, 1995). For example, dimension 
of a cube is DC = 3 because its mass M increases 
with 3rd power of its linear size.  
 To apply this definition to analysis of 1-
dimensional time series one has to specify what M 
and r mean. Function M(r) in such a situation 
could be defined as the number of pairs of points, 
Euclidean distance of which being less or equal to 
r. “Point” should not be understood as a single 
value of the signal but as a point in an m-
dimensional phase space whose coordinates con-
stitute m consecutive, equally distant samples of 
the signal. Parameter m stands for so-called em-
bedding dimension (ED). In order to correctly 
estimate DC, ED has to be large enough. Its value 
should be 12 2 +⋅> dm , where d2 is the real di-
mension of the object. For example, let’s consider 
a sequence of 100 samples xi. If m = 4 and lag or 
delay time L = 2 (number of samples between 
components of each state vector), then we can 
form n = 94 points in the 4-dimensional space 
state: (x1, x3, x5, x7), (x2, x4, x6, x8), (x3, x5, x7, x9), 
..., (x94, x96, x98, x100). N = n(n–1)/2 = 94⋅93/2 = 
4371 Euclidean distances can be calculated be-
tween these points. The number of distances 
smaller than r increases with r. Initially it increases 
exponentially. It turned out that the exponent of 
this relation is equal to DC (Pritchard & Duke, 
1995). If the function M(r) is plotted in the log-log 
scale, the segment with exponential scaling will be 
an approximately straight line. It is so-called linear 
scaling region (LSR). DC can be estimated as the 
slope of LSR. In a graph displaying derivative of 
log M as a function of log r, LSR is viewed as an 
approximately horizontal straight line. Function 
log M(r) vs. log r is called Correlation Integral. 
 Parameters m and L determine window length: 
W = (m – 1)·L. W is the distance between ends of a 
signal fragment forming a single point in state 
space. Very important is to properly choose the 
size of W. When W is too wide, ends of a vector 
will be largely unrelated and the structure of re-
constructed attractor will be distorted. When it is 

too narrow, two consecutive co-ordinates of a 
point in state space will have nearly the same val-
ues. In such a situation, all points of attractor will 
be distributed along main diagonal of state space 
and the structure of attractor will be not visible. 
Estimation of suitable values of W is discussed in 
more details by Michalak and Jaśkowski (in prepa-
ration).  
 To estimate DC one has to find LSR on the 
graph log C(r) vs. log r. Unfortunately, sometimes 
so-called lacunarities (volleys and hills) are ob-
served which render difficult the determination of 
the straight-line section of the graph. This problem 
occurs often when DC of posturographic signal is 
calculated by means of standard Grassberger-
Proccacia’s algorithm (GP). For this reason, we 
used Takens-Ellner’s algorithm (TE) where LSR 
problem vanished. Direct comparison of GP and 
TE method with EEG data shows that TE produces 
systematically lower DC estimates (Pritchard & 
Duke, 1992; Pritchard, Duke & Coburn, 1991). 
Nevertheless this method is useful for making 
comparisons between experimental groups or 
conditions (Pritchard & Duke, 1992). In spite of 
these systematic differences, the two methods 
yield basically equivalent statistical results when 
applied to real EEG data (Pritchard & Duke, 1992; 
Pritchard et al., 1991). It is also found that TE may 
be less affected by artifacts than GP (Pritchard & 
Duke, 1992). Finally, because TE systematically 
samples larger values of r, it should be less sus-
ceptible to “stair step” noise produced by a finite 
level of A-to-D precision than GP (Pritchard & 
Duke, 1992; Theiler, 1990). Details of the TE 
algorithm are given in Appendix A. 
 In order to properly estimate of DC using GP or 
TE algorithms, sampling frequency and the length 
of time series have to be large enough.  
 Unfortunately, there is little research on DC 
estimation of posturographic signal. Myklebust et 
al. (1995) investigated 20-s long series sampled 
with the frequency of 100 Hz recorded from 6 
healthy young subjects. This investigation pro-
vided some evidence in favor of the Kennel and 
Isabelle’s nearest neighbor method and Grassber-
ger-Procaccia algorithm, showing that the ana-
lyzed signals are not stochastic. In the case of the 
GP method, the DC of original posturographic 
signal was smaller than the DC of shuffled signal 
(1.36 vs. 1.64).Yet, no information about embed-
ding parameters (embedding dimension, window 
length and delay time) was provided. Gagey et al. 
(Gagey, Martinerie, Pezard & Benaim, 1998) in-
vestigated 205-s long series sampled with the 
frequency as small as 10 Hz from 34 participants 
without any postural problems. They found that 
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the correlation between the original and the pre-
dicted posturographic signals decreased with pre-
diction time. This observation also suggests the 
non-stochastic character of posturographic signal. 
In both papers, no suggestions were provided 
concerning the choice of registration parameters. 
 Despite this gap in the literature, we performed 
systematic investigation of optimal registration 
parameters necessary for proper calculations of 
DC. In this paper we have tried to estimate the 
minimal values of sampling frequency and re-
cording time for proper calculations of the DC of 
posturographic signals. 
 
 
 

RECORDING TIME 
 
To properly estimate DC, the analyzed series 
should be long enough. It means that each segment 
of a reconstructed attractor should be represented 
at least a few times. When the sequence is too 
short, LSR cannot be found or DC calculations 
lead to false results. Conversely, when the se-
quence is too long, the problem of stationarity may 
occur. For example, stationarity disturbance is 
clearly visible in EEG when EEG rhythm changes 
from α to β. However, even without such a rhythm 
change, DCs estimated from series of different 
lengths were found to vary significantly what 
might result from stationarity disturbances 

(Pritchard & Duke, 1992).  
 The first aim of the present study was to investi-
gate the effect of series length on the estimated 
values of DC of posturographic signals. We as-
sumed that DCs of stationary signals should not 
vary anymore for registration intervals longer than 
a certain value. 
 
Method 
 Posturographic signals where recorded for 32 
participants of age ranged 20-51 (mean 29.6, 18 
men, 14 women), healthy and free of any neuro-
logical or orthopedic disorders. They were mostly 
employees and students of Medical University of 
Lübeck, Germany. Recording time was t = 130 s, 
but the first 10-s interval was considered as stabi-
lization time (Carroll & Freedman, 1993) and 
rejected from further analysis. Thus, effective 
recording time was 120 s. For each person, re-
cordings were performed twice: with eyes open 
(EO) and with eyes closed (EC). In the EO condi-
tion, participants fixed their gaze on a small dot 
drawn on a wall at gaze level and the distance of 
2 m. The order of the recordings was randomized. 
Participants stood upright on force-measuring 
platform with feet 4-5 cm apart in front and 2-3 cm 
in the back. Their heads were in the normal up-
right position. The force of pressure was sampled 
with the rate of 200 Hz. Altogether, four types of 
signals were analyzed separately: AP-EO, LAT-
EO, AP-EC and LAT-EC.  
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Fig.1. Spectrum of posturographic signal in logarithmic scale. Estimation of fHFI with the method HFI2SEG. Alignment of 2 

straight segments to the spectrum. Segment AB corresponds to the fragment of posturographic signal spectrum, segment 
BC - to the white noise background. 
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 Two computational experiments were accom-
plished to estimate the minimal series length. In 
the first experiment, we used the fact that posturo-
graphic signal has f–α type spectrum (pink noise-
like). It means that the signal power P(f) decreases 
with frequency approximately according to the 
rule: P(f) ≈ k⋅f–α. This property of posturographic 
signal makes the direct estimation of DC relatively 
difficult. As Theiler showed, pink noise with 
α∈(1÷3) has a finite value of DC d2=2/(α-1) 
(Theiler, 1991). To prove chaotic properties of a 
signal with spectrum similar to pink noise one has 
to show that its DC is significantly smaller than 
that for the noise with the same spectrum.  
 In our experiment we calculated α  for series of 
different lengths. Checking the effect of registra-
tion time on this signal’s property preponderates 
over direct estimation of DC by means of TE or 
GP algorithm because the results are not affected 
by such parameters as embedded dimension ED, 
window width W or LSR problem. A limitation, 
however, could be the fact that the spectrum is 
only approximately of f–α type.  
 To find the relation between α and series length, 
α coefficient was estimated for sequences of the 
length t = 5, 10, 15,..., 120s. Typical power spec-
trum of a recorded series plotted in the log-log 
scale is shown in Fig. 1.  
 As is seen, posturographic signal spectrum 
should be treated as a superposition of pink noise 
(P(f) ≈ k⋅f–α) and white noise (P(f) = b). It is as-
sumed that the second component is produced by 

external sources, not by the analyzed posturo-
graphic system. So, we can write P(f) ≈ k⋅f–α+b. 
Three parameters describe spectrum in this model: 
k, α and b. In order to estimate these three values, 
function y(f) = log (k⋅f–α + b) was searched, which 
minimized the sum of squares of differences be-
tween the power spectrum in log-log scale and y(f) 
by means of the Nelder-Mead’s global optimum 
searching method (Nelder & Mead, 1965; More 
information on this algorithm can be found on the 
following web site: http://www-iasc.enst-bretagne 
.fr/~heusse/simplex.html. To avoid finding a local 
rather than the global minimum of the function, 
the calculations were performed 3 times with dif-
ferent initial values of α: 1, 1.2 and 1.4 and the 
smallest sum of squares was consider to be the 
best solution. As an initial value of k, mean value 
of P(f) over the first 5 frequencies was taken. As 
an initial value of b, the median log P(f) for 10% 
of highest frequencies was taken. Because individ-
ual frequencies lie on log-log scale closer and 
closer, the weights applied to individual points of 
the spectrum. Its values were the distances from its 
right neighbors (w(i) = = ln(i+1)-ln(i)). So finally, 
the minimized function was: 
 

 ∑
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where n is the number of spectrum components, 
P(i) is the power of ith frequency f(i), w(i) is the 
weight of ith point of spectrum and k, α and b are 
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Fig.2. Estimated α-coefficient of posturographic signal spectrum for different sequence lengths. Calculations were performed 

according to formula (2). 
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the searched parameters of optimal fit. 
 In the second experiment, we calculated DCs 
directly for sequences t = 10, 20,...,120s using 
Takens-Ellner algorithm. (See Appendix A for 
details of the algorithm). Calculations were per-
formed for original and shuffled series. 
 
Results 
 The results of α coefficient calculations for 
sequences with different lengths are presented in 
Fig 2. 
 As is seen, the α coefficient decreased gradually 
with sequence length. For sequences longer than 
about 50-60s the drop of α was negligible. To 
evaluate statistically the changes of α, an repeated 
measure ANOVA test (with one within-subject 
factor) was performed for lengths 5-120s, 10-120s, 
15-120, etc. For the all sequences the changes of α 
turned out to be significant (p < 0.001). It means 
that α coefficient was different for different 
lengths. Next, we subjected to the ANOVA only 
αs calculated for lengths longer than a critical 
length to find the length above which changes of α 
were not significant anymore. This critical length 
varied between 80-100 ms being shortest for LAT 
EO and longest for LAT EC.  
 In the second experiment, DC was directly cal-
culated by means of Takens-Ellner algorithm for 
sequences of lengths ranged between 10 and 120s. 
Calculations were performed for original and shuf-
fled sequences using embedding dimension m = 26 
and window length W = 4 s. Results are presented 

in Figure 3. 
 For recording times between 10 and 30s, DC 
increased rapidly and eventually reached an as-
ymptote for sequences longer than about 40s. Thus 
starting from about 40 s, DC value did not vary 
anymore. To find this critical value, we performed 
repeated measure ANOVA for lengths 10-120s, 
20-120s, 30-120 etc. to look for a maximal length 
of time series for which DC does not vary signifi-
cantly. For all the series lengths p<0.0001. DC did 
not vary anymore when calculated from sequences 
longer than 30-60 ms. (30 s for AP EO and 60 s 
for AP EC).  
 
Discussion 
 Results of DC measurements for different series 
lengths suggest, that in case of healthy persons 
sufficient recording time of posturograhpic signal 
is about 60 s long. Statistical analysis of α coeffi-
cients suggests that recording time should be 
slightly longer, i.e. about 100 s. Yet, according to 
the authors’ opinion, for the following reasons 
there is no need to apply recording time longer 
than 60 s: (1) Differences of α for recording times 
40-50s and 100-120s although significant, are yet 
very small. (2) Differences of DCs between origi-
nal and shuffled signals presented in Fig.3, are 
relatively high for the range t = 30-60s. It might 
suggest that posturographic signal loses its station-
arity for longer recording times and thus the 
change of α coefficient with sequence length is 
likely a property of this signal. (3) It should be 
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Fig.3. Dimensional complexity calculated for sequences of different lengths. Left part – signals AP, right part - signals LAT. 

EO – eyes open, EC – eyes closed, Orig – original signals, Shuffl – shuffled signals. 
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noted that estimation of α coefficient can be 
slightly unreliable. The reason is that the posaturo-
graphic signal could be only approximately con-
sidered as pink noise. When registration time in-
creases, new low frequencies appear. One can see 
that power of these new lowest frequencies does 
not increase exponentially. Possibly it is due to 
increase of participants’ swinging amplitude. This 
is possibly the reason why α decreases when regis-
tration time increases. This effect is visible in 
Fig 1: the straight segment fitted to the powers of 
lowest frequencies (to the left of segment AB in 
Fig.1) gives a bit smaller α coefficient than to that 
fitted to the powers of the higher frequencies (seg-
ment AB in Fig.1). Further analysis of this effect is 
planned in the future. (4) Results of fHFI estimation 
(see: SAMPLING FREQUENCY) confirm that 
60s is the sufficient registration time for the 
posturographic signal, at least for healthy young 
men. 
 
 

SAMPLING FREQUENCY 
 
Another factor important for proper posturo-
graphic signal acquisition is sampling frequency. 
Too small sampling frequency results in loss of 
high frequencies of the signal and the recon-
structed attractor structure can be distorted. To be 
optimal, sampling rate should, according to the 
known Nyquists law, be at least twice as fast as the 
highest frequency of interest (fHFI) of the signal. 
Increase of sampling frequency above 2⋅fHFI in-
creases only the number of signal points while not 
affecting the precision of calculations. 
 Minimal sampling range will be determined by 
means of spectrum analysis. Because posturo-
graphic signal is buried in white noise generated 
possibly by some external sources, to find fHFI one 
has to separate it from background noise.  
 
Method 
 Assuming that spectrum of posturographic sig-
nal is described approximately by the equation 
P(f) = k⋅f–α, it is not possible to find the highest 
frequency of the signal because this function de-
creases asymptotically to zero. So, fHFI depends on 
a criterion which will be chosen. In the present 
study, two methods of fHFI estimation were per-
formed. In the first experiment, it was searched 
such a frequency that 99% of total power was 
carried by components of lower frequencies 
(HFI99). Total power was defined as the sum of 
individual frequency powers after the mean white 
noise level was subtracted. As white noise level 
the mean power for frequencies 75-100Hz was 

assumed. Finally, next formula was used for HFI99 
calculations: 
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where k – index of fHFI; n − number of all frequen-
cies in the spectrum; P(fi) − power of i-th fre-
quency; Pnoise – mean power for frequencies 75-
100Hz . 
 In the second experiment fHFI was assessed by 
finding the cross-point of two segments fitted to 
the spectrum of the signal presented in log-log 
scale (HFI2SEG, see Fig.1). The first segment (AB) 
corresponds to the sum of posturographic signal 
and white noise, the second, horizontal one (BC) 
corresponds to white noise background of the 
signal. Like in the first experiment, the optimal fit 
was found using Nelder-Mead method (Nelder & 
Mead, 1965). 
 Because in the current experiment estimation of 
fHFI, and not α was emphasized, the fitting was not 
performed for the whole spectrum of the signal, 
but only for its final part for which its mean power 
did not surpass 20 times the mean power of the 
noise. The reason for using such a method is that 
the spectrum can be fitted to the straight line seg-
ment only approximately. Significant deviations 
from the linearity introduce high powers of low 
frequencies, so these points were omitted in fitting 
routine.  
In order to find the best fit of 2 segments AB and 
BC, it is necessary to find co-ordinates of A, B and 
C points, which minimize the sum of squares of 
differences between the power spectrum and the 
linear segments. As xA coordinate the smallest 
frequency A for which  
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was taken. Yet, because xC is 100Hz (maximal 
frequency in the spectrum) and yC = yB (white 
noise level), only 3 values yA, yB and xB have to be 
found. xB is our searched fHFI. The calculations 
were performed 3 times with different initial val-
ues of xB: 25, 35 and 45 Hz. As an initial value of 
yA the mean log P for the first 5 frequencies was 
taken. As an initial value of yB the median log P 
for 10% of highest frequencies was taken. The 
smallest sum of squares was considered as the best 
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solution. More information on this algorithm are 
presented in Appendix B. 
Results 
 Fig.4 presents mean values of fHFI obtained with 
the method HFI99, in which cut-off frequency 
rejects less than 1% of spectrum power. The mean 
values can differ by 25 Hz depending on particular 
signal. Like in case of α and DC, series lengths 
were searched above which no significant changes 
of fHFI were observed. For all series lengths 
p < 0.001. Critical lengths, above which no sig-
nificant changes of fHFI were observed, varied 
between 50-65 ms being shortest for AP-EC (50s) 
and longest for LAT EC (65 s).  
 To find minimal sampling frequency, we have to 
find a sampling frequency, which is high enough 
for possibly large number of participants. So, the 
maximal fHFI is more interesting in our problem 
than its middle value. Analysis of fHFI obtained for 
recording times 60-120s and all 4 kinds of signal 
(AP-EO, LAT-EO, AP-EC and LAT-EC) showed, 
that fHFI varied in the range 8-50 Hz among par-
ticipants. So, 50 Hz — the highest observed fHFI — 
should be taken as the basis for sampling fre-
quency estimation. 
 Estimations of fHFI obtained with the second 
method – fitting 2 straight segments (HFI2SEG) – 
presents fig.5. Results obtained with this method 
are similar to those obtained in the first experiment 
for signals LAT-EO and LAT-EC. In case of AP-
EO and AP-EC the results are slightly higher. As 
before, repeated measure ANOVA was performed 

to find a critical recording time above which no 
significant changes of fHFI could be detected. The 
critical values of sequence length oscillated be-
tween 30 s (LAT-EO) and 50 s (AP-EO).  
 As before, analysis of fHFI obtained for recording 
times 60-120s and all 4 kinds of signal was per-
formed. We found that fHFI varied in the range 8-
70 Hz among participants with the distribution 
peaking for about 17 Hz. 
 
Discussion 
 Both used methods of fHFI estimation gave simi-
lar but not identical results. One should note that 
results of the first method (HFI99) obtained for 
individual persons oscillate in the range of 8 to 50 
Hz and in the range of 8 and 70 Hz when the sec-
ond method was applied (HFI2SEG). The advantage 
of the first method is that it is independent of type 
of signal spectrum. The advantage of the second 
method is better separation of posturographic 
signal spectrum from the noise background when 
plotted in the logarithmic scale (see fig 1). 
 In the first method (HFI99), as fHFI the frequency 
was taken that the higher frequencies carry less 
than 1% of total spectrum power. An attempt to 
use the cut-off frequency with lower criterion, e.g. 
0.1% of power spectrum leads to results which are 
difficult to interpret because the difference be-
tween the mean signal power and the white noise 
level is usually very small for frequencies 
f > 20Hz. In the second method (HFI2SEG), another 
arbitrary parameter was chosen, namely, low fre-
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Fig.4. Mean fHFI values calculated with the method HFI99 for different sequence lengths. EO – eyes open, EC – eyes closed, 

AP – anterior-posterior co-ordinate of the signal, LAT – lateral co-ordinate of the signal. Calculations were performed ac-
cording to formula (3). 
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quencies whose powers exceeded more than 20 
times the white noise level were rejected from 
analysis. When, however, another factor was taken 
(40 or 60), the results were very similar. 
 Because sampling frequency used in further 
calculations must be large enough for possibly 
many participants, the highest observed fHFI ob-
tained for all subjects and for all 4 kinds of signal 
is of interest, not the average. In the first experi-
ment, the highest observed frequency was 50 Hz 
and in the second it is 70 Hz. According to Ny-
quist law, the minimal sampling frequency should 
be at least twice as high as the highest observed 
frequency of the signal. So, in authors’ opinion 
sampling frequency 140 Hz is large enough for 
DC calculation of posturographic signal. The 
minimal accepted frequency for these calculations, 
which will introduce rather negligible error, seems 
to be 100 Hz. It should be noted that in presented 
estimations we relied on results obtained from 
young healthy persons. Investigation of persons 
with neurological diseases can give different re-
sults. Previous calculations performed by authors 
suggest that fHFI is this case is slightly higher. So, 
until further calculations will be performed, fre-
quency 200 Hz is suggested to be safe enough.  
 
 

CONCLUSION 
 
Summarizing, the computational experiments 
performed indicated that DC estimation of pos-
turographic signal for young, healthy persons, the 

minimal sampling rate should be of 100 Hz and 
the minimal sequence length should be 60 s.  
 
 

APPENDIX A 
 
Takens-Ellner algorithm 
 This method was proposed by Takens (1985) 
and developed further by Ellner (1988). It is based 
on the random choice of pairs of points in the 
reconstructed state space and calculation of 
Euclidean distance between these points. In prac-
tice, the following algorithm is used: 
1. Calculating the proper Embedding Dimen-

sion m, for further calculations of d2. m must be 
high enough. It means it must fulfill the rule: 
m > 2⋅d2 + 1, where d2 is the real dimension of the 
recorded signal. Embedding Dimension m = 26 
seems to be high enough in order to estimate DC 
and this value was used for calculations presented 
in this article.  
2. Calculating the points of attractor in the 

space state. Let us consider a time series v1, v2,..., 
vn. A matrix A with dimensions [m,N] is created: it 
has N points in m-dimensional space xj (j = 1..N). 
Each point xj has the co-ordinates (vj, vj+L, 
vj+2L,...,vj+(d–1)L), where L (lag) is the distance be-
tween consecutive values of the signal which form 
consecutive co-ordinates of point xj in the state 
space. If L = 1, then the vector forming point xj is 
created by m consecutive values of the sequence. 
If L > 1, vector xj is created by every L-th value of 
the sequence. The window length W is defined as a 
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Fig.5. Mean fHFI values calculated with the method HFI2SEG for different sequence lengths. EO – eyes open, EC – eyes closed, 

AP – anterior-posterior co-ordinate of the signal, LAT – lateral co-ordinate of the signal. 
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subsequence forming a single point in the state 
space and is calculated with the rule W = (m–1)⋅L. 
In the presented calculations L = 32 was used. 
With sampling rate f = 200 Hz and embedding 
dimension of 26, the window length is W = 4 s. 
2000 equally distanced points of attractor was 
taken for each DC calculation. 
3. Joining at random points of attractor in 

pairs and calculating the Euclidean distances 
between them. This point of the algorithm is the 
simplification of calculation of Correlation Inte-
gral in Grassberger-Proccacia algorithm (GP). In 
GP the number of pairs of points, whose distances 
are calculated, amounts to NGP ≈ n2/2. In TE algo-
rithm this number NTE ≈ n/2. It drastically reduces 
the time of calculations.  
4. Calculation of negative logarithms of dis-

tances between points dl(i) =–ln[d(i)], and sorting 
dl(i) in ascending order. 
5. For the range 0.78⋅k/2 < i < 0.98⋅k/2, the sorted 

values of dl(i) are approximately exponentially 
distributed. Values from this range are taken for 
further calculations. 
6. Auxiliary variables are calculated: 

I0=round(0.78⋅k/2);  I1=round(0.98⋅k/2);  B=I1–I0; 
Y=y(1) + y(2) + ...+ y(B), where y(i) = dl(i+I0) – 
dl(I0).  
7. Estimate of d2 is calculated from the rule: d2 = 

B/[Y + (k/2 – I1) y(B)] 
8. Repeating points 2-7 of algorithm 10 times. 

Final d2 is taken as a mean over these 10 estimates. 
 
 

APPENDIX B 
 
Algorithm of finding the cross-point of two seg-
ments fitted to the spectrum 
1. Co-ordinates of 3 points A(xA,yA), B(xB,yB) and 

C(xC,yC) have to be determined in order to find the 
best fit of two segments AB-BC to the spectrum in 
log-log scale.  
2. Point A: In order to estimate the xA co-ordinate 

(lowest analyzed frequency), ‘smoothing’ of the 
signal spectrum using 6 neighbors (3 on the left 
side and 3 on the right side) was performed: 
P’(fi)= mean [P(fi–3) ÷ P(fi+3) ]. Next, smallest fi 
was found for which P’(fi) < 20⋅Pnoise. yA is the first 
of 3 optimized parameters. Its initial value was 
established as the mean power of the first 5 ana-
lyzed frequencies. 
3. Point B: xB is our searched fHFI.; yB represents 

the white noise level. Both are the optimized pa-
rameters. Initial values of xB were 25 Hz, 35 Hz 
and 45 Hz. The initial value of yB was the mean 
power for frequencies 90 Hz ÷ 100 Hz. 

4. Point C: Co-ordinates of this point are known: 
xC representing the last frequency of the spectrum 
equals to 100Hz. yC co-ordinate equals to yB. 
5. In the log-log scale the points of spectrum lie 

closer and closer. Therefore, because of it the 
weight representing the distance from its right 
neighbor was calculated for each point of spec-
trum: w(i) = log(i+1) – log(i), where i is the order 
number of the point. 
6. Using Nelder-Mead algorithm we have tried in 

order to find the co-ordinates yA, xB, yB, which 
represent the best fit of 2 segments AB and BC to 
the signal spectrum. The minimized function was 
the weighted sum of squares between the distances 
of spectrum points and the segments AB-BC. Then 
this algorithm was repeated 3 times with different 
initial values of xB in order to avoid the local 
minimum solution. The xB co-ordinate from the 
best solution is the searched fHFI. 
 
 

REFERENCES: 
Accornero N., Capozza M., Rinalduzzi S. & Manfredi 

G. W. (1997). Clinical multisegmental posturography: 
age related changes in stance control. Encephalogra-
phy and clinical Neurophysiology, 105, 213-219. 

Alexander N. B. (1994). Postural control in older adults. 
J. Am. Geriatr. Soc., 42, 93-108. 

Carroll J. P. & Freedman W. (1993). Nonstationary 
properties of postural sway. Journal of Biomechanics, 
26, 409-416. 

Colledge N. R., Cantley P., Peaston I., Brash H., Lewis 
S. & Wilson J. A. (1994). Ageing and balance: The 
measurement of spontaneous sway by posturography. 
Gerontology, 40, 273-278. 

Ellner S. (1988). Estimating attractor dimensions from 
limited data: A new method, with error estimates. 
Phys. Lett. A, 133, 128-133. 

Gagey P. M., Martinerie J. M., Pezard L. & Benaim C. 
(1995). L'equilibre statique est controle par un system 
dynamique non-lineaire. Ann Otolaryngol Chir Cervi-
covafac, 115, 161-168. 

Gu M. J., Schulz A. B., Shepard N. T. & Alexander N. 
B. (1996). Postural control in young and elderly 
adults when stance is perturbed: dynamics. Journal of 
Biomechanics, 29, 319-329. 

 Horak F. B., Shupert C. L. & Mirka A. (1989). Compo-
nents of postural dyscontrol in the elderly: a review. 
Neurobiology of Aging, 10, 727-738. 

 Judge J. O., King M. B., Whipple R., Clive J. & Wolf-
son L. I. (1995). Dynamic balance in older persons: 
effects of reduced visual and proprioceptive input. 
Journal of Gerontology, 50A, M263-M270. 

 Michalak K. & Jaśkowski P. (in preparation). Dimen-
sional complexity of posturographic signal: II. Opti-
mization of embedding parameters: window width, 
lag and embedding dimension.  

Motta M., Spano A., Neri M., Schillaci G., Corteloni C., 
Andermarcher E., Gamberini F. & Rizolli G. (1991). 



244 Krzysztof Michalak, Piotr Jaśkowski 

The specificity and sensitivity of computerized pos-
turography in study of postural unbalance in the eld-
erly. Arch. Gerontol. Geriatr. Suppl., 2, 127-132. 

Myklebust J. B., Prieto T. & Myclebust B. (1995). 
Evaluation of nonlinear dynamics in postural steadi-
ness time series. Ann. Biomed. Eng., 23, 711-719. 

Nelder J. A. & Mead R. (1965). Computer Journal, 7, 
308. 

Perrin P. & Perrin C. (1996). Exploration des afferences 
sensorielles et du controle moteur de l'equilibration 
par la posturographie statique et dynamique. Ann. 
Otolaryngol. Chir. Cervicofac., 113, 133-146. 

Prieto T. E., Myklebust J. B., Hoffmann R. G., Lovett E. 
G. & Myklebust B. M. (1996). Measures of postural 
steadiness: differences between healthy young and 
elderly adults. IEEE Trans. Biomed. Eng., 43, 956-
966. 

Pritchard D. & Duke D. W. (1992). Measuring chaos in 
the brain: a tutorial review of nonlinear dynamical 
EEG analysis. International Journal of Neuroscience, 
67, 31-80. 

Pritchard W. S. & Duke D. W. (1995). Measuring 
"chaos" in the brain: a tutorial review of EEG dimen-
sion estimation. Brain Cogn., 27, 353-397. 

Pritchard, W. S., Duke, D. W., & Coburn, K.L. (1991). 
Dimensional analysis of topographic EEG: Some 
methodological considerations. [In:] D. W. Duke & 
W. S. Pritchard (Eds.), Measuring chaos in the human 
brain (pp. 181-198). Singapore: World Scientific. 

Shumway-Cook A., Woollacott M., Kerns K. A. & 
Baldwin M. (1997). The efects of two types of cogni-
tive tasks on postural stability in older adults with and 
without a history of falls. Journal of Gerontology, 
52A, M232-M240. 

Takens F. (1985). On the numerical determination of the 
dimension of attractor. Lecture Notes in Mathematics, 
1125, 99-125. 

Theiler J. (1990). Estimating the fractal dimension of 
chaotic time series. Lincoln Laboratory Journal, 3, 
63-86. 

Theiler J. (1991). Some comments on the correlation 
dimension of 1/falfa noise. Phys. Lett. A, 155, 480-
493. 

Whipple R., Wolfson L., Derby C., Singh D. & Tobin J. 
(1993). Altered sensory function and balance in older 
persons. Journal of Gerontology, 48, 71-76. 

 
 
 

 
 
 
 
 


