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Headline

As noted in our earlier papers (16, 17), sports scientists
often collect data from more than one wearable device.
We showed that combining data from different wearable de-
vices can provide valuable information regarding player train-
ing load and rehabilitation status. An important aspect of this
work was temporal alignment of the data from the two differ-
ent devices, ensuring that the data collected reflects the same
activities of interest. In those papers, data were aggregated,
examined and compared over relatively long, time intervals
(e.g., several minutes).

The STATSports APEX device receive its initial time stamp
at start-up via communication with GPS satellites. On the
other hand, the IMeasureU Blue Trident sensor (BT-IMU)
is started using a phone app and Bluetooth communication.
Thus, it receives its initial time stamp via the phone clock. As
a result, a small, time delay can be introduced into the BT-
IMU data (1, 15). This is often considered negligible when
focusing on data that is aggregated over several minutes (16,
17). When comparing raw accelerometer signals during short
time intervals (such as the stance phase of a single step), this
delay can be problematic. Thus, temporally synchronizing
time series data from different wearable devices is critical. In
addition, when comparing the same variables from different
devices (e.g., acceleration), it is important that each sensors’
data be congruent, ensuring data from one sensor is equivalent
to those of others.

Cross-correlation is a numeric approach by which the degree
of similarity between two signals as well as temporal alignment
differences can be quantified (3, 5). It has long been used to
determine time delays between regularly sampled signals (5).
In simple terms, this method correlates to two signals then
shifts or lags one signal with respect to the other and repeats
the correlation. This generates a cross-correlation function
(CCF), plotting lag times versus correlation coefficients. The
peak of this function (CCFmax) represents the similarity or
congruency between the two signals. The lag associated with
CCFmax represents a time delay (TD) in one signal with re-
spect to the other and can be used to temporally align the sig-
nals. Previous work using multiple body-worn accelerometers
show that this is a useful approach to evaluate performance
by different devices (4, 6, 19, 20).

Aim
The first aim of this project was to use cross-correlation to
temporally align accelerometer signals from the APEX and
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BT-IMU sensors. The second aim was to evaluate similarity
of the accelerometer signals obtained from the two devices.

Methods

Technology

As previously described (16, 17), two types of IMU sensors
were used. The STATSports APEX GPS/IMU (18 Hz GPS,
+200g 952 Hz tri-axial accelerometer, 952 Hz gyroscope and
10 Hz magnetometer) and the IMeasureU Blue Trident (BT-
IMU) IMU (416 g 1125 Hz and +200 g, 1600 Hz accelerom-
eters, 1125 Hz gyroscope and 112 Hz magnetometer). All de-
vices were turned on 30 min before each session. Data collec-
tion by the BT-IMUs was initiated via the IMU Step phone
app. After each session, data from the APEX and BT-IMU
devices were downloaded using the manufacturer’s software
(SONRA and IMU Step, respectively). Sessions were split into
individual drills or events. Raw data were then exported to in-
dividual .csv files for further analysis. All subsequent analyses
were performed using custom written MATLAB programs.

Controlled Impact Study

The first study utilized simultaneous, controlled impacts ap-
plied to both the BT-IMU and APEX devices. Two BT-IMU
and one APEX unit were attached to a device similar to a
movie “clapperboard”. The clapperboard was used to simulta-
neously apply 4-5 impacts to all three devices. This was done
using eight APEX units and eight BT-IMU sensors, resulting
in 24 BT-IMU sensor comparisons and 48 BT-IMU vs APEX
comparisons. Trials were conducted using three sensors to
replicate their use in the field with athletes, e.g., two ankle-
mounted BT-IMU devices and one trunk-mounted APEX de-
vice. Impacts were delivered within 15 min of start-up, then
again after a period of approximately 2 hrs (to determine ac-
celerometer drift during a typical session).

Running Study

The second study examined accelerometer signals obtained
during running. Participants for this study were four col-
legiate female soccer players (age, 19.0 + 0.8 years; height,
161.0 £ 5.4 cm; weight, 56.8 £ 2.2 kg). Institutional review
and human subjects use approval was acquired before com-
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mencement of the project. All data were collected during reg-
ular team training sessions. Subjects were asked to perform
running trials ranging 100 to 400m in length and at speeds
ranging from a jog to a sprint (8-25 km/hr).

Prior to and immediately after training three impacts were
delivered to the APEX and BT-IMU sensors (as described
above). Data from these impacts were later used to tempo-
rally align sensor data collected during the running bouts. The
APEX unit was then placed in the pouch located on the back
of a STATSports provided vest (similar to a sports bra). This
situated the device on the trunk at the level of the upper tho-
racic vertebrae. Two BT-IMU sensors were also placed inside
the STATSports vest, held securely against the APEX device.
After each session, controlled impacts were again delivered to
the three devices. This was done to check for potential time-
dependent drift.

Signal Processing and Statistics

For each sensor, the .csv file contains the timestamp of each
sample (in UNIX epoch time) along with the tri-axial ac-
celerometer data. Triaxial accelerations data were converted
into resultant acceleration (ar) using the relationship: a2 =
az2 + a,2 + a,2, where a,, a, and a, represent accelerations in
the anteroposterior, longitudinal and mediolateral directions,
respectively. The a, data were used in all subsequent analyses.

A four-step procedure was used to temporally align ac-
celerometer data. First, since the APEX and BT-IMUs col-
lect data at different frequencies, a, signals from the APEX
accelerometer and the BT-IMU 4200g accelerometers were
re-sampled to a consistent frequency of 1000 Hz using the
MATLAB < resample > function (9). Next, the re-sampled
signals were filtered using a fourth order, low-pass Butter-
worth filter (40 Hz) < filt filt > (10). Third, cross-correlation
was performed on the APEX and BT-IMU signals using the
< xcorr > function with the < coef f > normalization option
(this normalizes the CCF sequence so that the autocorrela-
tions at zero lag are equal to 1.0) (7). For each CCF, CCFmax
was determined as the first local maximum to the right of
zero-lag and represents the similarity between signals. The
time delay (TD) between signals was taken as the lag associ-
ated with CCFmax. Finally, the BT-IMU signal was aligned
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with the APEX data by using the TD to shift the latter ahead
in time and then removing unnecessary data from the end of
the former.

To wverify the TD values, non-aligned data from the
controlled impact study were used. @ The MATLAB <
findpeaks > function was used (8) to determine the mag-
nitude and location of each device’s acceleration (a) peak.
Locations of the peaks were the compared to the TD values
obtained through cross-correlation analysis.

Similarity between the BT-IMU and APEX sensors were
evaluated two ways. First, the CCFpax values obtained
through cross-correlation (controlled impact and running stud-
ies) were evaluated. Second, acceleration peak magnitudes
found in the controlled impact study were compared between
devices.

Bland-Altman plots and Pearson Product-Moment correla-
tions were used to compare values obtained from the APEX
and BT-IMU sensors.

Results

Controlled Impacts

An example of accelerations during a controlled impact is
shown in Figure 1. As can be seen, the BT-IMU signals lag
behind the APEX signal by about 160-165 msec while the two
BT-IMU signals are very closely aligned. The shape signals
and the peak accelerations appear to be very similar.
Example CCFs for the APEX sensor and two BT-IMUs dur-
ing controlled impacts is shown in Figure 2. The CCF of the
two BT-IMU comparison is centered near zero with a TD of
0.001 and a CCFmax 0.998. In contrast, the two CCFs for the
BT-IMU versus APEX comparisons are shifted to the right
indicating. This indicates that BT-IMU signals “lag” behind
the APEX. In this example, the TD values were 0.160 and
0.161 sec and the CCFmax values were 0.982 and 0.985.
Mean CCFpax values for the impact study were quite high
between the two BT-IMU sensors (Table 1). They were also
high when comparing BT-IMU sensors to the APEX device.
This indicates the signals generated by the two types of sensors
have high similarity and suggests high inter-device reliability.
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Fig. 1. An example of accelerometer signals obtained during a controlled impact. The APEX signal is shown in black
and the two BT-IMU signals are shown in red and orange.
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Fig. 2. A typical CCFs obtained during a series of controlled impacts. Determination of the CCFmax and TD are also
shown.
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Table 1.

Cross-correlation analysis of accelerometer signals during controlled impacts. Pre: measures taken

at the start of training. Post: measures taken at the end of training (~2 hrs).

BT-IMU1 vs BT-IMU2

BT-IMU1 vs APEX

BT-IMU2 vs APEX

CCFmax (1)

Pre 0.987 £ 0.014
Post 0.985 + 0.021
TD (sec)

Pre 0.000 £ 0.001
Post 0.000 £ 0.001

0.930 £ 0.033 0.923 £+ 0.030
0.936 + 0.032 0.931 + 0.029
0.152 + 0.036 0.152 £+ 0.035
0.153 £ 0.033 0.152 £+ 0.038

Values are & +SD

Table 1 also shows TDs between the BT-IMU units were
very small (Table 1). In two-thirds of comparisons, TDs were
zero and exceeded two points or 2 msec in only two cases. For
the IMU — APEX comparisons, the IMU signals lagged be-
hind those of the APEX device. TD values were somewhat
variable, ranging between 101 and 300 msec with an average
of ~152 msec (Table 1).

The cross correlation analysis also showed that the TD be-
tween devices did not change from before to after the train-
ing session (approximately 2 hrs). The correlation coefficient
between the pre- and post-training CCFmax was 0.999 and
Bland-Altman bias was 0.001%.

Analysis of peak accelerations provided a second evaluation
of sensor lag time as well as inter-unit reliability. Accelera-
tion peaks recorded during the controlled impacts are shown
in Figure 3. The Pearson correlation coefficient between the
BT-IMUs and APEX sensors was 0.979 and 0.978 while the
r-value between the two BT-IMUs was 0.991. The Bland-
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Altman analyses showed a bias of -0.963% between the BT-
IMU and APEX devices with upper and lower limits of agree-
ment of -8.423 and 6.500%. Also, timing of the acceleration
peaks detected by the IMU sensors trailed those of the APEX
units by 0.155 £ 0.024 sec, a value close to TDs reported in
Table 1. Overall, the results of the controlled impact study
suggests that acceleration signals from the APEX and BT-
IMU can be temporally aligned and show high similarity.

The second phase of this study focused on running activ-
ity. A segment of raw accelerometer signals obtained from one
BT-IMU and one AEPX sensor are shown in the top panel of
Figure 4 (for clarity, the second BT-IMU signal is not shown).
Similar to Figure 1, the BT-IMU signal is delayed compared
to that of the AEPX. Cross correlation analysis of the entire
22 sec of data resulted in a CCF ax of 0.973 and TD of 0.161
sec. The TD was then applied to the BT-IMU signal, shifting
it forward in time (Figure 4, bottom panel). Applying the
TD to the BT-IMU results in the two signals overlapping with
considerable congruence.
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Fig. 3. Left: Relationships between peak acceleration values obtained from the BT-IMUs and APEX sensors. Right:
Bland-Altman plots showing differences between peak acceleration values detected by the two sensor types.
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Fig. 4. Top: Raw APEX and IMU signals recorded during running. For clarity only one IMU is shown (orange) along
with the APEX signal (red). Bottom: APEX and IMU signals after shifting the IMU signal using the derived time

delay.

Mean CCFpax and TD values for all of the running trial
are shown in Table 2. The values shown here are consistent
with those shown in Table 1. They indicate a high degree
of signal similarity between the BT-IMU and APEX devices
during running. Also, while there was some variability in TD
between sensor parings, the mean TD for BT-IMU and APEX
sensors remained near 160 msec. While the TD for the two
paired BT-IMUs was consistently near zero.

Discussion

The results of this study are three-fold. First, accelerome-
ter signals generated by the BT-IMU are delayed by 150-160
msec compared to the APEX device (1, 15). This lag remains
consistent within a session as TD values prior to and after a
2-hour session are nearly identical. Unfortunately, the TD is
not consistent between sessions and varies from one day to the
next. Temporal synchronization of sensor networks has been
previously addressed at length (e.g. 11, 15). For Bluetooth
devices, latency in the signal (compared to other devices) can
be introduced by software and hardware limitations, presence
of other wireless networks, radio signal interference, and dis-
tance between devices. This delay can range from 5-300 msec
(12, 13) depending on the above factors. As these conditions
vary from day-to-day, it is not surprising to find variability in
the TD. This day-to-day inconsistency emphasizes the need to
perform a synchronization routine each day. Second, the TDs
between BT-IMU units are very consistent between the two
paired sensors during both controlled impacts and running.
In nearly all cases, the TD was less than 1 msec. Thus, data
from these multiple BT-IMU devices need minimal if any syn-
chronization. Also, the acceleration signals from paired BT-
IMU sensors show high similarity with less than 2% difference.
Lastly, when the TD is accounted for, there is considerable
similarity in the BT-IMU and APEX accelerometer signals.
This was demonstrated through cross-correlation analysis as
well as comparing peak accelerations during controlled im-
pacts. After accounting for the time delay, it appears that
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the difference between devices on the order of less than 10%
difference across the length of the signals.

The advantage of using cross-correlation for temporal align-
ment and evaluation of signal similarity is that the analysis
takes into account the entirety of both acceleration signals
(2,14). In short, it aligns or overlays the two signals then
calculates their differences over the entire length of the data.
Normalized CCF values range from -1 to 1. In this study, the
normalized CCFax represent the maximum Pearson-Product
correlation, simplifying interpretation of the value. By com-
parison, peak analysis compares only two distinct points — the
peak accelerations associated with controlled impacts. Thus,
much of the signal is not compared and differences between
other aspects of the two signals are not analyzed. For exam-
ple, two signals with similar peak acceleration values might
show low CCFpax. While high acceleration peaks may be
similar, differences in lower acceleration values would decrease
CCFmax- Thus, when comparing two signals, it is important
to use a process that accounts for the entirety of the signals.

A multi-step process was used to temporally synchronize
signals: 1) pre-process and filter signals, 2) adjust signals
to a consistent sampling frequency using the MATLAB <
resample > function, 3) determine BT-IMU signal delay (TD)
using cross correlation (< zcorr > and < findpeaks >), then
4) apply the signal delay to the BT-IMU data, shifting it for-
ward in time. This sequential procedure was done to evaluate
each step of the process. However, there are additional func-
tions provided by MATLAB which may reduce programming
steps and processing time. Several temporal alignment com-
mands are available such as < retime > and < synchronize >
to align timestamped data with a single command. Also, once
signals are resampled, one could utilize several commands
align data via cross-correlation: < finddelay > which uses
cross correlation to return the TD value and < alignsignals >
determines the TD using < finddelay > then applies it to
align both signals in time.

In the running study, all three sensors were mounted in the
same location so that each would experience the same move-
ments. However, when used in the field, the APEX unit is
mounted on the trunk and the BT-IMUs are attached to the
lower leg. As a result, the APEX unit registers both right and
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left foot strikes during running whereas each BT-IMU sensor
detect only left or right foot strike data. In addition, the ac-
celerometer data from the APEX would be dampened during
running. Thus, the three devices would be recording different
sets of events. Because of this, it is not possible to directly
align signals from sensors attached to different body locations.
In this case, a daily alignment routine should be developed and
used to determine TD values. This routine could be similar to
the controlled impact approach used here, i.e., applying simul-
taneous impacts (accelerations) to all three sensors or apply-
ing some other simultaneous, controlled movements. By using
such a procedure, all three sensors record identical events and
the cross-correlation process can be applied to determine the
TDs. These would then be used to temporally align trunk-
and ankle-mounted sensor data (for an example, see compan-
ion paper, 18).

Practical Applications

This study demonstrates two important concepts. First, ac-
celerometer signals originating from multiple devices can easily
be temporally synchronized using cross-correlation. Second,
there is considerable similarity between accelerometer signals
obtained from the APEX and BT-IMU sensors. This suggests
that sports scientists can compare raw data from several sen-
sors collected during a short time frame, e.g., several hundred
milliseconds. In the configuration used here, GPS, accelerom-
eter and gyroscope data could then be used to assess gait
characteristics such as spatiotemporal variables, shock atten-
uation and trunk vs tibial rotations. Each of these concepts
could be applied to the evaluation of gait during a post-injury
rehabilitation period.

Limitations

® This study was limited to straight running. Participants
did not engage in any cutting or turning maneuvers.

® Only two device types were used in this study. The APEX
and BT-IMU. Comparing sensors from other manufactur-
ers may yield different results.

® The assessment of temporal alignment “drift” was limited
to ~2 hours. It is possible that TD values may begin to
vary beyond this time-frame.

* Resultant accelerometer signals (ar) were analyzed. Addi-
tional work is needed to verify similarity between vertical,
mediolateral and anteroposterior accelerations from the two
types of sensors. Also, verification of gyroscope similarity
between the devices is needed.

Twitter: Jay H. Williams (@sciscronline)

References

1. Bello LL, Mirabella O. Clock synchronization issues in
bluetooth-based industrial measurements. In: 2006 IEEE In-
ternational Workshop on Factory Communication Systems,
2006, Jun 28 (pp. 193-202).

2. Brgnd JC, Pedersen NH, Larsen KT, Grgntved A. Tempo-
ral alignment of dual monitor accelerometry recordings. Sen-

sportperfsci.com

sors, 2021, 21: 4777.

3. Derrick TR, Thomas JM. (2004) Chapter 7. Time-series
analysis: The cross-correlation function. In: Innovative Anal-
ysis of Human Movement, Champaign, IL, Human Kinetics
Publishers, pp. 189-205.

4. Howard R, Conway R, Harrison AJ. Estimation of force
during vertical jumps using body fixed accelerometers. 25th
IET Irish Signals & Systems Conference 2014 and 2014 China-
Ireland International Conference on Information and Commu-
nications Technologies (ISSC 2014/CIICT 2014), p. 102 —107.

5. Knapp C, Carter G. The generalized correlation method
for estimation of time delay. IEEE transactions on acoustics,
speech, and signal processing. 1976 Aug;24(4):320-7.

6. Kosse NM, Cajouw S, Vervoort D, Vuillerme N, Lamoth
CJC (2015) Validity and reliability of gait and postural control
analysis using the tri-axial accelerometer of the iPod Touch.
Ann Biomed Engr, 43: 1953-1946.

7. Mathworks Inc. (2021) Cross-correlation. Available online:
https://www.mathworks.com /help/matlab /ref/xcorr.html (ac-
cessed on Nov 29, 2021).

8. Mathworks Inc. (2021) Find local maxima. Available on-
line: https://www.mathworks.com/help/signal/ref/
findpeaks.html (accessed on Nov 29, 2021).

9. Mathworks Inc.(2021) Resample uniform or nonuni-
form data to a new fixed rate. Available online:
https://www.mathworks.com /help /signal /ref

/resample.html (Accessed on Nov 29,2021).

10. Mathworks Inc. (2022) Zero-phase digital filtering. Avail-
able online: https://www.mathworks.com/help/signal /ref
/filtfilt.html (Accessed on May 19, 2022).

11. Puttnies H, Danielis P, Sharif AR, Timmermann D. Esti-
mators for Time Synchronization—Survey, Analysis, and Out-
look. IoT. 2020 Dec;1(2):398-435.

12. Ranganathan P, Nygard K. Time synchronization in wire-
less sensor networks: A survey. International journal of ubi-
comp. 2010, 1: 92-102.

13. Rondén R, Mahmood A, Grimaldi S, Gidlund M. Un-
derstanding the performance of Bluetooth mesh: Reliability,
delay and scalability analysis. IEEE Internet Things J, 2020,
7: 2089-2102.

14. Rhudy M (2014) Time alignment techniques for experi-
mental sensor data. Int J Comp Sci Engr Survey, 5: 1-14.

15. Tosi J, Taffoni F, Santacatterina M, Sannino R, Formica
D. Performance evaluation of Bluetooth low energy: A sys-
tematic review. Sensors. 2017 Dec;17(12):2898.

16. Williams JH, Rizzuto SF, Whitaker EJ, Dillard BA (2021)
Complementary use of wearable technology 1: A data compar-
ison of two platforms. Sports Perf Sci Rep, Jul 137 v1.

17. Williams JH Rizzuto SF, Whitaker EJ, Dillard BA (2021)

Complementary use of wearable technology 2: A case study
in gait symmetry. Sports Perf Sci Rep, Sep 138 v1.

SPSR - 2022 | June | 168 | vl

-~
-



Merging Wearable Technology

SPog,

18. Williams, JH (2022) Complementary use of wearable
technology 4: Assessing gait symmetry using multiple IMU
devices. Sports Perf Sci Rep, in press.

19. Wundersitz DWT, Gastin PB, Richter C, Robertson SJ,
Nette KJ (2014) Validity of a trunk-mounted accelerometer to
assess peak accelerations during walking, jogging and running.
Eur J Sports Sci, 15: 382-390.

20. Wundersitz DWT, Gastin PB, Robertson S, Davey PC,
Netto KJ (2015) Validation of a trunk-mounted accelerometer
to measure peak impacts during team sport movements. Int

THE TRAINING

F I I SCI=NCE
. PODCAST

S C I E N C E ATHL=TICA

J Sports Med, 36: 742-746.

Copyright: The article published on Science Performance
and Science Reports are distributed under the terms of
the Creative Commons Attribution 4.0 International License
(http://creativecommons.org/licenses/by/4.0/), which permits un-
restricted use, distribution and reproduction in any medium, pro-
vided you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license, and indicate
if changes were made. The Creative Commons Public Domain Dedi-
cation waiver (http://creativecommons.org/publicdomain/zero/1.0/)
applies to the data made available in this article, unless otherwise
stated.

Sportsmith

olayermaker

sportperfsci.com

SPSR - 2022 | June | 168 | vl

afORMG,
€ G

y_A
-



	Headline
	Aim 
	Methods
	Technology
	Controlled Impact Study
	Running Study
	Signal Processing and Statistics
	Results
	Controlled Impacts
	Discussion
	Practical Applications
	Limitations
	References

