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Headline

Trunk-mounted (TM) devices incorporating a global po-
sitioning system (GPS) antenna, tri-axial accelerometer,

gyroscope and/or magnetometer are now widely used to moni-
tor player movements during training and competition (1, 3) as
well as evaluate gait characteristics (2). Recently continuous
wavelet transform (CWT) and detrended fluctuation analysis
(DFA) have been used independently to evaluate and detect
altered gait (5, 8, 10, 13). However, these two techniques have
not been applied sequentially to analyze gait complexity nor
have they been applied to TM accelerometer data.

Aim. The purpose of this study was to develop an approach for
determining spatiotemporal gait characteristics and the struc-
ture of their variability using TM accelerometer signals pro-
cessed via CWT and DFA.

Methods
Athletes. Twelve female intercollegiate soccer players (167.7 ±
1.4 cm, 63.4 ± 8.7 kg) participated in this study. Human sub-
jects use approval and informed consent was obtained prior to
data collection.

Data Collection.During a training session, subjects ran at a
comfortable pace, for 3200m around adjacent practice fields.
All subjects wore a GPSports® SPI HPU unit, positioned
between the scapulae and fitted per GPSports recommenda-
tions. The units contain a 15 Hz GPS receiver, a 100Hz, 16g
tri-axial accelerometer and 50Hz magnetometer.

Signal Pre-Processing.Raw accelerometer and speed data
were downloaded using the manufacturer’s proprietary soft-
ware (Team AMS®) and exported to Excel files. As speed
data are computed at 15Hz, the TeamAMS software “fills in”
missing values such that ten identical speed values are pro-
vided for each 0.1 sec to match to 100Hz accelerometer signal.

All signal processing routines were performed by customized
Matlab® programming. Accelerometer signals were bandpass
filtered at 1-40Hz to remove noise and eliminate drift. Next,
correction for offset and alignment (i.e. tilt) of the tri-axial
data was performed as previously described (17, 18). This
procedure estimates the gravitational acceleration components
in the anteroposterior and mediolateral directions and trans-
forms the data to a horizontal-vertical coordinate system.

Spatiotemporal Events.Gaussian CWT was employed to de-
tect foot contact events (6, 10, 15). This procedure convo-
lutes the accelerometer data with an analyzing function (e.g.
Gaussian wavelet) to remove signal noise while preserving the
underlying variations in signal frequency (15). Foot contact
events contained within the original signal can be extracted
from the reconstructed signal. Vertical accelerations were inte-

grated then differentiated using Gaussian CWT with a scale of
10. The resulting acceleration signal was differentiated again
to obtain a jerk signal. Local minima of the transformed ac-
celeration signal were identified as foot strike (initial contact,
IC) and the local maxima of the jerk signal were identified as
toe off (final contact, FC).

Right and left foot values were determined from the filtered
mediolateral acceleration signal (3 Hz low pass). The sign of
the signal (positive or negative) at the IC and FC points was
used to identify left and right foot contact values. Contact
times (CT) were calculated as the difference between IC and
the subsequent FC times of the same foot. Step times (StpT)
were computed as the difference between successive IC times
of the right and left feet. Stride times (StrT) were determined
as the difference between IC’s of the same foot.

The speed variable was used to calculate step and stride
lengths (StpL, StrL). For StpL, average speed during each
StpT was multiplied by the StpT. StrL was computed the
same way except that average speeds during each StrT were
used.

Detrended Fluctuation Analysis.DFA was used to assess the
complexity and structure of gait variability for each spatiotem-
poral variable. DFA is an adapted root mean square analysis
of a “random walk” that generates a self-similarity parame-
ter, the fractal scaling index (FSI, also referred to as α) (12,
13). FSI values of 0.5 represent random variability whereas
values between 0.5 and 1.0 indicate the presence of persistent
long-range correlations or structured variability (4, 12). The
procedures followed those of Hausdorff et al. (12) using the
WaveForm DataBase toolbox for MatLab (11, 22, 23). Signal

Fig. 1. Gait parameters derived from the CWT analyses for a single subject.

Shown are data for 3000 steps, from a single trial.
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Fig. 2. Plots of DFA window size (log (n)) and average fluctuation (log (F(n)) for spatiotemporal variables, from a single trial.

Table 1. Variables derived from the CWT analysis

Variable Magnitude CV (%) FSI

Contact Time 267.3 ± 2.80 ms 3.32 ± 1.12 0.682 ± 0.082
Step Time 359.56 ± 0.98 ms 4.35 ± 1.21 0.702 ± 0.027
Stride Time 719.20 ± 2.07 ms 3.28 ± 1.46 0.802 ± 0.034
Step Length 1.00 ± 0.07 m 2.82 ± 0.98 0.851 ± 0.084
Stride Length 1.99 ± 0.16 m 3.04 ± 1.27 0.875 ± 0.105

Values are Mean ± SD.

segments or boxes consisting of N data points were analyzed
using box sizes of 4 to ¼ of the signal length and detrended
using a first order polynomial. The log of N (box size) was
plotted against the log of the root mean squared error or fluc-
tuation for the given box size (F(N)). The slope of this rela-
tionship was used as the FSI (12).

Fig. 3. Plots of DFA window size (log (n)) and average fluctuation (log (F(n)) for

CT from a single trial. Filled circles = raw data (FSI=0.719); open circles = shuffled

data (FSI = 0.502).

Results
An average of 3169.0 ± 45.5 (x ± SD) steps was detected and
analyzed per trial. Average speed was 9.95 ± 0.79 km·hr−1

with slight variations during the effort (CV = 7.9 ± 2.3 %).
Figure 1 shows an example of the spatiotemporal variables

during the 400m run. As can be seen, there is noticeable vari-
ability in all variables within the trial. Magnitudes and coef-
ficients of variation of the spatiotemporal variables are shown
in Table 1.

The results of the DFA for a single trial is show in Figure 2
along with the calculated FSI. In all cases, a linear fit to the
log F(N) vs log N was found (r2 values, 0.95-0.99) Mean FSI
values for each spatiotemporal variable are also shown in Ta-
ble 1. For all subjects across all variables, FSI values ranged
from 0.612 to 0.934 with spatial variables showing the largest
and the temporal the smallest FSI. Effect sizes (Cohen’s d)
between individual variables were all large.

To confirm the use of DFA as a measure of structured vari-
ability, spatiotemporal data within each trial were randomly
shuffled 5 times and FSI recomputed. Random shuffling re-
tains the mean and standard deviation of the original data
but destroys any long-range correlation, complexity and struc-
tured variability. The mean FSI for 84 sets of shuffled data (7
variables x 12 subjects) was 0.501 ± 0.003 (Figure 3). This in-
dicates random variability of the shuffled data and emphasizes
the structured variability of the original data.

Discussion
This is the first study to combine the previously developed
techniques of CWT and DFA to examine the structure of gait
variability. In addition, it is the first study to apply this ap-
proach to TM accelerometer signals obtained during running.
Previous studies have studied the FSI using temporal variables
derived from foot strike measures using footswitches, peak de-
tection of ground reaction forces or vertical acceleration sig-
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nals (8, 12, 16, 20, 21). In general, these studies were limited
to DFA analysis of step or stride times. By using multiple
spatiotemporal parameters derived using CWT, a more com-
prehensive examination of gait variability can be carried out.
Further, GPS-embedded accelerometers also provide running
speed data. This allows investigators to examine gait com-
plexity as a function of speed (14) and/or to use speed as a
covariate when comparing alterations in gait variability due
to fatigue, overtraining and injury.

Magnitudes of the spatiotemporal variables are similar to
those reported by others for similar running speeds (19, 24)
and FSI values are in line with previous reports (8, 14, 16, 20,
21). Further, the finding that shuffled data resulted in FSI
values near 0.5 indicates that our approach was able to detect
structured variability in the running gait. Based on this, it
appears that our approach for examining the structure of gait
variability during running is feasible.

Additional studies are warranted to understand if and how
spatiotemporal variables and FSI might be altered with exer-
cise. For example, FSI values are altered with fatigue, over-
training and injury (8, 16). Gait asymmetry is observed in pa-
tients following anterior cruciate ligament (ACL) reconstruc-
tion (7, 9). It is not known if ACL injury also affects gait
variability and/or if such changes persist during rehabilita-
tion. Thus, the method described here could prove useful in
evaluating fatigue and injury and aiding in return-to-play de-
cisions.

Practical Applications
The advantages of TM accelerometers for analyzing gait are
that they have become widely available, are able to generate
very reliable and valid data and are currently utilized by a
number of sport teams (1, 3). As such, it is relatively easy to
routinely collect gait data on a large group of subjects. This
raises the possibility of identifying abnormal gait structure
that might result from injury, fatigue or overtraining.

Limitations
� This study used an athletic cohort of young adults as sub-

jects. Thus, the approach described my not be feasible for
other populations (e.g. injured, diseased).

� Only a single running speed was used. Also, the running
speed was not self-selected by each subject.
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Dataset
Dataset available on SportPerfSci.com
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