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There is evidence that vibrations of soft tissue compartments are not appropriately described by a

single sinusoidal oscillation for certain types of locomotion such as running or sprinting. This paper
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discusses a new method to quantify damping of superimposed oscillations using a wavelet-based time-

frequency approach. This wavelet-based method was applied to experimental data in order to analyze

the decay of the overall power of vibration signals over time. Eight healthy subjects performed

sprinting trials on a 30 m runway on a hard surface and a soft surface. Soft tissue vibrations were

quantified from the tissue overlaying the muscle belly of the medial gastrocnemius muscle. The new

methodology determines damping coefficients with an average error of 2.2% based on a wavelet scaling

factor of 0.7. This was sufficient to detect differences in soft tissue compartment damping between the

hard and soft surface. On average, the hard surface elicited a 7.02 s�1 lower damping coefficient than

the soft surface (po0.05). A power spectral analysis of the muscular vibrations occurring during

sprinting confirmed that vibrations during dynamic movements cannot be represented by a single

sinusoidal function. Compared to the traditional sinusoidal approach, this newly developed method can

quantify vibration damping for systems with multiple vibration modes that interfere with one another.

This new time-frequency analysis may be more appropriate when an acceleration trace does not follow

a sinusoidal function, as is the case with multiple forms of human locomotion.

& 2012 Elsevier Ltd. All rights reserved.
1. Introduction

Vibrations of soft tissue compartments have recently been
discussed in scientific studies (Archer and Sabra, 2010; Archer
et al., 2012; Boyer and Nigg, 2006; Wakeling and Nigg, 2001a;
Zadpoor and Nikooyan, 2010). These studies typically assumed
that soft tissue compartments have a natural frequency at which
the soft tissue compartment vibrates (Wakeling and Nigg, 2001a).
The traditional analysis method obtained the corresponding
damping coefficient based on the assumption that the soft tissue
vibrations could be approximated by an exponentially decaying
sinusoidal function (Wakeling and Nigg, 2001a). While a sinusoi-
dal approach is a fairly good approximation of the signal in the
case of a free vibration of a soft tissue compartment (Wakeling
and Nigg, 2001a, 2001b), this is not the case for dynamic
situations such as running. This can be seen in Fig. 3A but also
in previous studies reporting raw acceleration signals in their
manuscripts (Boyer and Nigg, 2006; Wakeling, 2003). As a result
vibrations of various frequencies occur within a muscle compart-
ment especially if the muscle is strongly activated and vibrational
ll rights reserved.
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modes get mixed. Therefore, the analysis method currently used,
which was based on a single natural frequency, has to be
expanded to encompass complex signals of two or more coupled
vibrations. So far the analysis of soft tissue vibrations has not
accounted for such interferences. The most general approach to
study an interfering vibration signal is to measure the behavior of
the overall power. Damping can be described as the overall decay
of power of all frequencies within a signal. However, a meaningful
general damping coefficient that describes soft tissue damping
during dynamic tasks such as walking, running and/or sprinting is
not yet available.

The purposes of this study were (a) to develop a general
method to quantify soft tissue vibration damping for an accel-
eration signal that reflects an interference pattern of two or more
coupled vibrations and (b) to apply this method by comparing the
damping of soft tissue vibrations of the medial gastrocnemius
caused by the impact while sprinting on two different surfaces.

Knowing the overall damping coefficient of the power of the
vibrations represents an important measure to distinguish
between different conditions (e.g. shoes, surfaces, orthotics and/
or fatigue). The quantification of the damping coefficient of a soft
tissue compartment vibrating with various frequency modes
required the development of a new wavelet-based method,
computing the dissipation of the overall power of the signal

www.elsevier.com/locate/jbiomech
www.elsevier.com/locate/jbiomech
http://www.JBiomech.com
http://www.JBiomech.com
dx.doi.org/10.1016/j.jbiomech.2012.08.027
dx.doi.org/10.1016/j.jbiomech.2012.08.027
dx.doi.org/10.1016/j.jbiomech.2012.08.027
mailto:henders@kin.ucalgary.ca
dx.doi.org/10.1016/j.jbiomech.2012.08.027


H. Enders et al. / Journal of Biomechanics 45 (2012) 2855–28592856
recorded by an accelerometer. A simple model based on two
superimposed signals with similar but not identical frequencies
and known damping coefficients was used to validate the accu-
racy of recovering the correct damping coefficients of a complex
signal.
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2. Methods

2.1. Experimental protocol

Eight male subjects (25.373.4 years, 176711.2 cm, 7475.6 kg) were

recruited to participate in this study. All participants gave informed written

consent, and the study was approved by the University of Calgary’s Conjoint

Health Research Ethics Board. The subjects performed five sprinting trials out of a

start block on two different surfaces on a 30 m runway. The third step of the sprint

phase was analyzed. Subjects were given a five minute warm-up period and a ten

minute rest period between each set of five sprinting trials. Prior to data collection

the subjects were given as many trials as needed to find their starting position.

The first surface was a synthetic rubber surface with a thickness of 13 mm and a

shore A hardness of 52 and will be referred to as the soft surface. The second

surface was a thin polyurethane surface (3 mm) on top of a concrete floor. The

shore A hardness of the second surface was 78 and will be referred to as the hard

surface. Vibrations were measured from the soft tissue compartment overlying the

muscle belly of the medial gastrocnemius using a skin-mounted accelerometer

(ADXL 78, Analog Devices USA, measuring range 70 g, frequency response of

0–400). The axis of the accelerometer was aligned to be parallel to the long axis of

the shank. Double sided tape and stretch adhesive bandage was used to fix the

accelerometer to the soft tissue package. The placement of the accelerometer was

not changed between the two surfaces. Acceleration data were recorded with a

sampling frequency of 2400 Hz (our laboratory standard for analog signals

measured in parallel with kinematic data recorded at 240 Hz). Soft tissue

vibrations were quantified for a time window of 200 ms post ground contact.

2.2. The wavelet analysis

A filter bank of 13 non-linearly scaled, real and imaginary Cauchy type

wavelets (Barandun et al., 2009; von Tscharner, 2000), originally developed for

the analysis of EMG signals, were adapted for the analysis of the vibration signal

by adjusting the scale factor in such a way that the wavelets covered the

frequency range indicated by the power spectrum. Power spectra with a frequency

resolution of 1.2 Hz were computed using a Fast Fourier Transform (FFT) to study

the frequency content of the acceleration signals. The wavelet scaling was done to

accomplish a physiologically relevant time and frequency resolution for the

analysis of vibration signals. Previous studies have demonstrated that the wavelet

scaling factor can be adjusted appropriately for the successful analysis of a variety

of variables. For example, adjusting the scaling factor to 1.0 can successfully be

used for the analysis of mechanomyographic signals (Armstrong, 2011; Beck et al.,

2008). Additionally, von Tscharner and Thulborn (2001) adapted the wavelet filter

bank for the analysis of functional magnetic resonance imaging. For the purpose of

this study the scaling factor was found by an iterative process to find the most

accurate results for the model calculation (2.4). Summing the power extracted by

each wavelet, yields the actual power for any given time point. The first wavelet

was excluded from further analysis since it has a center frequency of 2.96 Hz

(Table 1) and for this wavelet, the extracted power is often corrupted by movement

artefacts. Thus the analysis was based on 12 power wavelets. The characteristics of
Table 1
Characteristics of the wavelets used for the analysis of vibrations signals with a

scaling factor of 0.7. The first wavelet was excluded from the analysis.

Wavelet index Center frequency [Hz] Time resolution [ms] Bandwidth [Hz]

1 2.96 146.7 4

2 8.27 105 8

3 16.16 75 11

4 26.61 61.7 15

5 39.58 49.2 17

6 55.06 41.7 21

7 73.02 37.5 24

8 93.46 31.7 27

9 116.35 29.2 31

10 141.69 26.7 34

11 169.47 23.3 37

12 199.68 22.5 41

13 232.31 20 44
all wavelets can be seen in Table 1. Examples of wavelets in time and frequency

space can be seen in Fig. 1.

It is important to note, that an analysis approach based on power wavelets

yields a total intensity that equals the squared signal of a root mean square (see

Beck et al., 2008). We also computed the signal power based on the power

spectrum and compared it to the signal power of the wavelet pattern. For all trials

both methods yield the same signal power with a maximum discrepancy of 3%.

The proposed methodology was applied to simulated data (2.4) with the

purpose of validating the applicability of the wavelet based time-frequency

analysis. The validated method was then applied to the experimental data.

MATLAB Version 7.10.0, MathWorks, Natick, MA was used for data processing.

2.3. Wavelet analysis of the measured vibration signal in time-frequency space

Mathematically the wavelet transform consists of a convolution of each

wavelet (real and imaginary part (Barandun et al., 2009)) with the measured

signal. As in a Fourier transform, the power is obtained by adding the squared

values or the real and imaginary part of the transformed signal. The intensity

which is an approximation of the power (von Tscharner, 2000) of the raw signal

can be represented in an intensity pattern as shown in Fig. 3C. In order to avoid

negative effects of a step function the raw signal was mirrored in time and

amplitude with respect to the heel strike and zero padded to both sides until 2048

data points were available for the analysis. After the analysis, the mirrored part

was removed from the result.

The wavelet transform was computed for the raw signal resulting in 12

frequency bands, each containing the power at every time point. Summing up the

power extracted from all the wavelets resulted in the overall power. The decay of

the overall power over time indicated the power dissipation p(t). The intensity of

each wavelet decayed in a similar exponential fashion (Fig. 2). The overall decay of

the summed intensities was therefore also best described by an exponential

function.

pðtÞ ¼ Po e�dt ð1Þ

where Po[ms�2] is the power of the signal just after impact and d [s�1] represents

the characteristic damping coefficient of the system.

Illustrations of the steps that are involved in the analysis process are shown in

Fig. 3. The wavelet transform is applied to the raw acceleration trace (Fig. 3A)

resulting in an intensity pattern of the signal (Fig. 3C). The power spectrum for the

raw acceleration trial is shown in Fig. 3B and shows multiple peaks. Summing up

the intensity across each wavelet band at each time point results in a signal

representing the decay of the overall power. The logarithm of the power decay

was used to transform an exponential to a linear relationship (Fig. 3D). T1 was the

time when the slope was steepest and thus the differential of the overall power

was maximal. T2 was the point where the power decayed to 10% of the power at

T1. The decay of the logarithm of the overall power of the vibration signal between

T1 and T2 was analyzed using a least square minimization algorithm to determine

the overall damping coefficient.

2.4. Model of superimposed sinusoidal waves

In order to validate the use of a wavelet filter bank to determine soft

tissue vibration damping, a model signal with a known damping coefficient

was developed and analyzed using the wavelet approach as described above.
0 100 200

0

Time [ms]

A
m

pl
itu

de
 [a

rb

-1.5

0 50 100 150 200 250
0

0.5

1

1.5

Frequency [Hz]

Po
w

er
 [a

rb
. u

ni
ts

]

Fig. 1. Top: Wavelet 3 and 7 in time space shifted by 100 and 150 ms,

respectively. Bottom: Filter bank of 13 wavelets in frequency space (black line).

Sum of all wavelets (gray line) is 1 within the frequency range of interest.
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Fig. 2. The decay of signal power of wavelet 3–5 for a vibration signal. All

wavelets show similar exponential decays. The sum of all wavelets also decay in

an exponential fashion, similar to each individual wavelet.
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Fig. 3. A: Raw acceleration trial post ground contact. B: Power spectrum of the

acceleration signal in A. C: Contour plot of the intensity for raw data shown in A in

time-frequency space. D: The logarithmic transformation of the overall decay of

power (solid line). The damping coefficient is calculated as the slope between dots

T1 and T2. The linear fit is shown as a dashed line.
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Fig. 4. Mean power spectrum of a measured acceleration signal (solid line) for one

subject calculated by an FFT with a frequency resolution of 1.2 Hz. A power

spectrum of a damped sinusoidal oscillation (d¼45 s�1 and frequency 26 Hz) is

shown in dotted lines. For comparison the power spectrum of modeled data

according to Eq. (2) with a damping coefficient of 45 s�1 and frequencies of

f1¼12 Hz and f2¼26 Hz is shown in a dashed line.

H. Enders et al. / Journal of Biomechanics 45 (2012) 2855–2859 2857
The model was built on a set of assumption. Pilot data showed that the vibration

signal of a muscle may be described by superimposed oscillations of similar

frequencies. For simplicity, a model of two superimposed frequencies (f1 and f2),

was used to simulate this characteristic. The equation describing the oscillation

was defined as follows:

yðtÞ ¼ 2Po sinð2pf tÞcosð2pDf

2
tÞ e�dt ð2Þ

where Po is the initial power (assumed to be the same for both frequencies, f1 and

f2), f [Hz] is the mean frequency of both oscillations and Df [Hz] is the difference

between the two input frequencies. The cosine term that includes Df is the

amplitude modulation of the superimposed oscillations. The exponential term

describes the overall decay of the power over time with the damping coefficient d

[s�1]. The known damping coefficient from the input signal was compared to the

calculated damping coefficient from the wavelet analysis to determine the

accuracy of the proposed method.

2.5. Statistical analysis

Paired student’s t-tests (SPSS Version 19, SPSS Inc., Chicago, IL) were used to

analyze the difference between the mean damping coefficients for both experi-

mental conditions. Statistical tests were considered significant at the 95%

confidence level. Results are illustrated as mean7SD.
3. Results

In order to achieve a better time resolution compared to the
mechanomyographic analysis (Armstrong, 2011; Beck et al., 2008)
the scaling factor was decreased. The optimal scaling factor was
found to be 0.7.
3.1. Comparison of power spectra

An inspection of Fig. 3A showed that the model of a damped
single sinusoidal oscillation is most likely not appropriate for this
kind of signal. Similar insight was obtained from a power spectral
analysis. The power spectrum of a damped sinusoidal oscillation
with one frequency is shown in Fig. 4 (dotted line). The result
shows a narrow, bell shaped power spectrum with its maximum
at the frequency of the underlying oscillation. The width of this
power spectrum becomes larger as the damping coefficient
increases. However, to reach a width that is similar to a measured
signal, the damping coefficient reaches a magnitude where the
oscillation is critically damped. This does not represent soft tissue
vibrations as they were observed in this study. Therefore, no
reasonable damping coefficient could be found for a single
sinusoidal oscillation that showed a power spectrum similar to
the ones of real experiments. The power spectrum of a mea-
sured signal is shown in Fig. 4. The measured spectra regularly
displayed additional side bands. The model based on Eq. (2) can
clearly mimic power spectra with similar sidebands and with a
band width of the same magnitude (Fig. 4). These observations
indicate that the method for computing a damping coefficient
should at least be able to extract a correct damping coefficient
from such modeled data.
3.2. Analysis of modeled data

A set of damping coefficients and frequencies f1 and f2 were
used as input parameters to compute modeled data that looked
similar to the measured data. The average error of the output
compared to the model input values was 2.2% with a standard
deviation of 1.0% (Table 2).



Table 2
Input values for the model calculation (first three columns). The last three

columns show the damping coefficient calculated with the wavelet analysis, the

accuracy and the error rate respectively.

Input Output

d [s�1] f1 [Hz] f2 [Hz] d [s�1] Accuracy [%] Error [%]

43 10 15 44.3 103 3

17 10 20 16.6 98 2

20 15 20 20.2 101 1

56 15 25 56.4 101 1

11 20 25 11.2 102 2

51 20 30 50.1 98 2

25 25 30 24.8 99 1

5 25 35 5.2 104 4

6 30 35 6.2 103 3

49 30 40 50.1 102 2

6 35 40 6.2 104 4

16 35 45 16.3 102 2

9 40 45 9.3 103 3

47 40 50 48.1 102 2

10 45 50 10.2 102 2

21 45 55 21.4 102 2

11 50 55 11.3 103 3

58 50 60 56.7 98 2

Fig. 5. Mean damping coefficient and standard deviation for all subjects running

on the soft and the hard surface. The hard surface showed significantly lower

damping coefficient for the sprinting trials.
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3.3. Analysis of measured data

The validation of the method based on modeled data has shown
that it is appropriate to use this method on real data. Individually,
the vibrations of seven out of eight subjects revealed a higher
damping coefficient on the soft surface than on the hard surface.
Across all eight subjects, there was a significant difference in the
mean damping coefficient of the vibrations between the two
surfaces (Fig. 5). On average, the hard surface showed a 7.02 s�1

lower damping coefficient than the soft surface (po0.05).
4. Discussion

Traditionally soft tissue vibrations are analyzed using a sinusoidal
approach with a single frequency. Vibrations during dynamic situa-
tions, however, cannot always be approximated by a sinusoidal
function. Therefore, a wavelet-based time-frequency analysis was
developed as an alternative. The validation process was done using a
simple model of two superimposed frequencies and resulted in
accuracy with an average error of 2.2%. The comparison of a soft
and a hard surface showed that the harder surface demonstrated
significantly lower damping coefficients.

It can be assumed that the damping coefficient can be resolved
with the new method even though vibrations might not be of
sinusoidal nature and may contain multiple vibration modes. The
traditional approach could not be sensibly applied to our mea-
sured data or to the modeled data. A comparison of the two
methods could therefore not be made. The advantage of the
traditional approach is that it yields a natural frequency of the
soft tissue vibration and has previously been used for free
vibrations (Wakeling and Nigg, 2001a, 2001b). In this case a
sinusoidal approach approximates the nature of the vibrations
very well. However, during dynamic situations multiple frequen-
cies occur as shown by the power spectral analysis (Fig. 4). The
wavelet-based method is able to cope with such non-sinusoidal
acceleration traces and, therefore, can be used for more complex
signals that arguably occur during a variety of movement tasks.

It is expected that this methodology can be applied to a variety
of daily locomotion activities such as walking, running or drop
jumping. For these activities, this methodology could be a good
indicator describing how people react to different external con-
ditions (e.g. surface/shoe midsole hardness, jumping height,
compression apparel, and foot strike patterns). The effects of
fatigue on soft tissue vibrations have been investigated and it has
been shown by a model calculation (Nikooyan and Zadpoor, 2012)
as well as in human subjects (Friesenbichler et al., 2011) that
vibrations tend to increase as fatigue develops. The damping
characteristics, however, were not analyzed in these studies. The
new methodology could be used to investigate how the body
dampens the increased vibration amplitude caused by fatigue.

It was suggested that neural control mechanisms that are
linked to pre- and post-ground contact muscle activity could be
different (Santello, 2005). Our methodology only focused on the
post-ground contact vibrations. However, the initial vibration
amplitude and the damping coefficient will arguably depend on
the stiffness of the muscle compartment. Since stiffness of the
muscle will change as the muscle starts to contract, it is expected
that the muscle activity prior to landing will influence the
damping behavior of soft tissue vibrations.

This study investigated vibrations from the gastrocnemius
muscle. Arguably, vibrations will be initiated in other soft tissue
compartments as the impact transient travels up the body. It is
expected that soft tissue compartments in the human body will
demonstrate different magnitudes of damping. One useful appli-
cation of this method could be to predict more realistic values for
mass-spring-damper models that have recently been used to
study human locomotion (Bullimore and Burn, 2007; Nigg and
Liu, 1999; Nikooyan and Zadpoor, 2011; Zadpoor et al., 2007).
5. Limitations

One may be concerned that the power extracted by the
wavelets does not represent the whole power of the signal. This
aspect was tested in this study and was tested previously for
mechanomyograms (Beck et al. 2008). The power obtained does
not depend on how many underlying frequencies are contained in
the raw signal as long as the frequencies of the vibrations are
within the range covered by the wavelets (Fig. 1). The aim of this
study was not to detect how many vibrational modes were
actually present but to deal with the case that there was more
than one mode present. This was achieved by the proposed
method even though the wavelet frequency resolution might
not be high enough to detect every vibration mode that was in
the signal. The fact that there are more frequencies present in the
signal can be shown with a Fourier Transformation. A further
concern may be that the observed decay of the power extracted
by the wavelet method may mirror the natural decay of the
wavelets. However, as revealed by the model computation
(Table 2) there was no evidence for such a distortion of the
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damping coefficient over the limited range of damping coeffi-
cients tested. If the conditions are changed, this has to be verified
using an appropriate model. Another concern may be that the
power does not decay exponentially. It could, for instance, decay
with multiple exponentials that have very different decay times.
In such a case the decay seen in Fig. 3D would not be linear and a
different, more complex model should be used for the analysis of
the decay.
6. Conclusion

To date, soft tissue vibrations were traditionally described by
sinusoidal oscillations. However, this may not always be true,
especially as movement complexity increases. A new time-
frequency analysis was developed that can cope with super-
imposed oscillations. The methodology was sensitive enough to
show significant differences between tissue vibrations while
subjects were sprinting on two surfaces of different hardness.

The new methodology might be more appropriate when the
soft tissue vibrations do not follow a sinusoidal function. It is
suggested that the soft tissue vibrations that occur during a
variety of locomotor activities can be investigated using time-
frequency analysis.
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