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Abstract: This study aimed to compare the validity of a local positioning system (LPS) during
outdoor and indoor conditions for team sports. The impact of different filtering techniques was
also investigated. Five male team sport athletes (age: 27 ± 2 years; maximum oxygen uptake:
48.4 ± 5.1 mL/min/kg) performed 10 trials on a team sport-specific circuit on an artificial turf and
in a sports hall. During the circuit, athletes wore two devices of a recent 20-Hz LPS. From the
reported raw and differently filtered velocity data, distances covered during different walking,
jogging, and sprinting sections within the circuit were computed for which the circuit was equipped
with double-light timing gates as criterion measures. The validity was determined by comparing
the known and measured distances via the relative typical error of estimate (TEE). The LPS validity
for measuring distances covered was good to moderate during both environments (TEE: 0.9–7.1%),
whereby the outdoor validity (TEE: 0.9–6.4%) was superior than indoor validity (TEE: 1.2–7.1%).
During both environments, validity outcomes of an unknown manufacturer filter were superior
(TEE: 0.9–6.2%) compared to those of a standard Butterworth filter (TEE: 0.9–6.4%) and to unprocessed
raw data (TEE: 1.0–7.1%). Our findings show that the evaluated LPS can be considered as a good to
moderately valid tracking technology to assess running-based movement patterns in team sports
during outdoor and indoor conditions. However, outdoor was superior to indoor validity, and also
impacted by the applied filtering technique. Our outcomes should be considered for practical
purposes like match and training analyses in team sport environments.
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1. Introduction

Presently, player’s physical tracking is indispensable in both outdoor and indoor team sports [1–3].
By the continuous monitoring of match and training activities, the training load [4], regeneration
process [5], injury prevention [6–8], and on-field rehabilitation can be optimized. During the past
decade, the technological development occurred fast, so that several player-tracking technologies are
available today. Whilst initially camera-based technology was used, global (GPS) and local (LPS)
positioning systems have become standard technologies [2,9]. However, comprehensive evaluations of
both technologies are essential to allow a valid interpretation of the data acquired [9–11].

Sensors 2020, 20, 5733; doi:10.3390/s20205733 www.mdpi.com/journal/sensors

http://www.mdpi.com/journal/sensors
http://www.mdpi.com
https://orcid.org/0000-0001-6258-3537
https://orcid.org/0000-0002-6822-5201
http://dx.doi.org/10.3390/s20205733
http://www.mdpi.com/journal/sensors
https://www.mdpi.com/1424-8220/20/20/5733?type=check_update&version=2


Sensors 2020, 20, 5733 2 of 10

In this context, many studies summarized into one review [12] have investigated the validity and
reliability of GPS for measuring distances covered, speed, and acceleration [7,13–24]. These studies
show that GPS allows an accurate determination of total distances covered; however, the accuracy
is compromised during accelerations, change of directions, and sprints [2,9]. A further limitation
of GPS is that the technology is limited to outdoor sports due to its satellite-based measurement
principle. Instead, LPS grounds on a local network of antennas and transponders, and therefore can
be used in both outdoor and indoor conditions [25]. To date, compared to GPS, there are clearly
fewer studies regarding the validity and reliability of LPS for team sports [9,25–31]; although, the first
review has recently been published in that regard [32]. In line with GPS, those studies demonstrate
that LPS enables to accurately assess average speed data [21,32], but limitations are present in peak
acceleration/deceleration [29,32], instantaneous speed [11,30,32], and change of direction [27,32]
measures. However, it is worth mentioning that LPS accuracy during a team sport-specific circuit,
involving for soccer, handball, etc. typical movement patterns, is superior to that of GPS [9].

Due to its local measurement principle, LPS is presently used in several indoor sports on a
daily basis. For example, in the German top national level Handball-Bundesliga, European Handball
Federation, NBA G League, and German Ice Hockey League. In the present Covid-19 crisis, it is
also applied to keep distance and to trace infection chains in the industrial sector [33]. Thus,
more studies to evaluate the LPS technology are required; especially, due to its increased use
during indoor conditions. To the best of our knowledge, there is only one study that compares
the validity of a LPS during outdoor and indoor conditions. That study reported a higher distance
error during indoor (2.0–2.4%) than outdoor (1.3–1.4%) conditions [25]. Unfortunately, the data were
only collected under ideal conditions in the centre of the antenna sourcing field, where the position
detection functions optimally [30]. Additionally, and not in line with a plethora of previous GPS
and LPS validation studies [2,7,9,11,21,25–30,34], no specific results regarding the impact of different
accelerations, changes of direction, and speeds were shown. Thus, a validation study to address these
points is required. Since it has also been shown that LPS-based speed data are impacted by more noise
during a team sport-specific circuit than GPS-based data [9], it is also worth to examine the effect of
different filtering techniques on the LPS accuracy, which has not been conducted so far. In this context,
a rational approach is to compare the impact of standard filtering techniques with those developed by
the manufactures, because the latter are used by the end consumer in practice [35].

This study aimed to compare the validity of a LPS during outdoor and indoor conditions for team
sports. The impact of different filtering techniques was also investigated. Based on previous studies,
it was hypothesized that LPS validity is superior during outdoor compared to indoor conditions [25]
and that the filtering technique thereby has an impact [9].

2. Materials and Methods

2.1. Subjects

In our study, five male team sport athletes (age: 27 ± 2 years; height: 1.77 ± 0.04 m; mass:
79.2 ± 2.2 kg; fat: 14.7 ± 3.7%; maximum oxygen uptake: 48.4 ± 5.1 mL/min/kg; 3–4 training sessions
per week) took part. All athletes participated in team sports (American football: n = 1, basketball:
n = 1, and soccer: n = 3) and competed on an adult amateur playing level. The athletes were informed
of the purposes and potential risks of the study procedures and signed a written informed consent
to participate. All procedures were pre-approved and accepted by the Ethics Committee of the local
university (MS/JE 29.11.11) and were conducted in accordance with the Declaration of Helsinki.

2.2. Design

All athletes performed 10 valid trials of a team sport-specific circuit during outdoor and indoor
conditions, which were separated by one week. A trial was considered as valid, if the athletes
had completed the circuit without disruptions and if there was no self-inflicted measurement error.
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The measures took place on a dry artificial turf soccer field and a standard sports hall used for official
handball competitions. The circuit included different walking, jogging, sprinting, and standing sections
over an entire distance of 129.6 m, as described previously [9]. All sprinting sections were equipped
with double-light timing gates (Werthner Sport Consulting, TDS, Linz, Austria) [35] as criterion
measures. Thus, the criterion validity was determined here. During the circuit, the athletes wore
artificial turf and indoor shoes during outdoor and indoor conditions, respectively, and two devices of
one LPS between the scapulae in a custom-made sport shirt [36]. To investigate the validity, the known
distances of the circuit were compared to the measured distances of the LPS. The capacity of the
athletes to repeat the circuit during outdoor and indoor conditions was estimated by the timing gate
measures, meaning that the test-retest reliability was quantified. Additionally, physiological responses
were assessed by heart rate and ratings of perceived exertion measures. Figure 1 shows the design of
the circuit and setup of the LPS.
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Figure 1. The design of the circuit and the setup of the local positioning system. Note: LPS = Local
positioning system; COD = Change of direction. The particular sections that were used for determining
the distances covered were numbered from 1 to 10 (in brackets) to allow a better assignment of the
results provided in the tables and figures.

2.3. Local Positioning System and Data Processing

A recent 20-Hz LPS (KINEXON Precision Technologies, KINEXON ONE, version 1.0, Munich,
Germany) [36] was used. The system consists of one base station and 12 antennas each positioned at
four meters above the ground around the circuit (Figure 1). One technician from the manufacturer
performed all installations and calibrations. The measurement principle of the system is as follows:
The sensors worn by the athletes send continual signals via radio waves to the antennas, which forward
them via a wide local area network to the base station. The latter transforms the received data into the
x- and y-positions of the athletes [9]. The position data were exported from the proprietary software
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(KINEXON Precision Technologies, Kinexon Web Application, version 3.2.6, Munich, Germany [36]) to
custom-made spreadsheets involving macro-based calculations (Microsoft, Excel 2016, Redmond, WA,
USA) for further data processing according to previous studies [9]: First, by numerical differentiation
over time, the instantaneous speed data of the athletes were computed. Then, the speed data were
passed through a second-order Butterworth low-pass filter with a 1-Hz cut-off frequency and two
passes to minimize noise. From the filtered speed data and their integration over time, the distances
covered during each section of interest within the circuit were computed. To detect the start and end of
the walking, jogging, and sprinting sections, a speed threshold of 0.2 m/s was used. The end of each
sprinting section was obtained from the timing gate information.

Since all athletes wore two sensors and performed 10 valid trials of the circuit during outdoor
and indoor conditions, a total of 100 data files per condition were acquired. All data files were
visually checked for measurement errors caused by poor signal strength or timing gate errors by
two investigators, who did this independently of each other. Additionally, outliers were objectively
defined as those values that were greater than the mean ± the two-fold pooled standard deviation [18].
A total of 20 and 11 data files were classified as outliers during outdoor and indoor conditions,
respectively, and were removed from the statistical analyses. To investigate the impact of different
filtering techniques, all finally included data files were also passed through an unknown filter of the
LPS manufacturer, which is included in the company’s proprietary software and used by the end
consumers in practice. The unprocessed raw data were also considered.

2.4. Statistical Analyses

At first, descriptive data were reported as means and standard deviations. Secondly, the relative
typical error of estimate (TEE) in percent was calculated. The TEE was rated as good (0 to <5%),
moderate (5 to <10%), or poor (≥10%) [7]. Differences in means were studied by Magnitude-Based
Inferences. Therefore, the mean differences and their 90% confidence intervals were analyzed in
relation to the smallest worthwhile differences (SWD), as described before [10]. The SWD was defined
as the pooled standard deviation multiplied by 0.2 [10]. Then, the probabilities for the mean differences
“truly” being higher than the associated SWDs were determined and qualitatively described using the
following scale: <1%, most unlikely; 1 to <5%, very unlikely; 5 to <25%, unlikely; 25 to <75%, possibly;
75 to <95%, likely; 95 to <99%, very likely, and ≥99%, most likely. If the likelihoods for being both
higher and lower were ≥5%, the differences were described as unclear. To also clarify the magnitudes,
effect sizes according to Cohen’s d were calculated. The effect sizes were interpreted accordingly: 0.0 to
<0.2, trivial; 0.2 to <0.6, small; 0.6 to <1.2, medium; 1.2 to <2.0, large; 2.0 to <4.0, very large; and ≥4.0,
extremely large. For all statistical analyses, pre-built spreadsheets (Microsoft, Excel 2016, Redmond,
WA, USA) were used.

3. Results

3.1. Reliability

Table 1 shows all descriptive data for the timing gate and physiological measures during outdoor
and indoor conditions. Additionally, the results of the Magnitude-Based Inferences and corresponding
effect sizes are reported. There were trivial to moderate differences between both conditions (unclear to
very likely probabilities).

3.2. Descriptive Data

Table 2 summarizes all descriptive data concerning the measured distances by the LPS during
outdoor and indoor conditions. The peak speed and acceleration data during the two sprinting sections
are also shown. All data are presented with respect to the two different filtering techniques and as
raw data.
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Table 1. Timing gate and physiological data of the athletes during outdoor and indoor conditions.

Variables

Descriptive Data
(Mean ± SD)

Effect
Size Magnitude-Based Inferences

Outdoor
(n = 80)

Indoor
(n = 89) d Descriptor SWD SWD ± 90% CI

(x-Fold) Descriptor

25.1 m sprinting with
CODs (1) (s) 6.03 ± 0.27 5.95 ± 0.25 0.32 small 0.05 −1.3 ± 1.0 *

5 m sprinting (6) (s) 1.10 ± 0.05 1.10 ± 0.06 0.06 trivial 0.01 1.0 ± 1.1 u
10 m sprinting (7) (s) 1.85 ± 0.09 1.85 ± 0.09 0.07 trivial 0.02 0.5 ± 1.0 **
20 m sprinting (8) (s) 3.17 ± 0.15 3.14 ± 0.14 0.19 trivial 0.03 −0.1 ± 1.0 *
30 m sprinting (9) (s) 4.43 ± 0.20 4.38 ± 0.21 0.25 small 0.04 −0.4 ± 1.0 *
129.6 m entire circuit

(10) (s) 97.45 ± 3.94 95.30 ± 3.32 0.59 small 0.73 −2.7 ± 0.8 ***

HR (bpm) 159.6 ± 9.8 154.7 ± 10.2 0.42 small 2.4 −2.1 ± 1.9 u
RPE (1–20) 14.6 ± 1.0 13.4 ± 1.2 1.09 moderate 0.2 −5.5 ± 3.3 **

Note: SD = Standard deviation; n = number; d = Cohen’s d effect size; SWD = Smallest worthwhile difference;
CI = Confidence interval, HR = Heart rate; RPE = Rating of perceived exertion. The asterisks *, **, ***, and **** indicate
the probabilities that the effect is possibly (>75%), likely (>90%), very likely (>95.5%), and most likely (=100%) higher
or lower than the SWD. The letter u indicates an unclear effect with probabilities of >5% that the effect is both higher
and lower than the SWD. The numbers in the brackets present the section of measurement within the circuit (Figure 1).

Table 2. Descriptive data (mean ± SD) of the local positioning system for determining the distances
covered during outdoor and indoor conditions. The impacts of the different filtering techniques, and the
outcomes of the raw data, are also shown.

Variable
Outdoor (n = 80) Indoor (n = 89)

Raw Data BW 1 Hz Manufacturer Raw Data BW 1 Hz Manufacturer

25.1 m sprinting with CODs (1) (m) 24.7 ± 0.4 24.7 ± 0.4 22.7 ± 0.4 24.5 ± 0.5 24.5 ± 0.5 23.1 ± 0.4
10 m walking with CODs (2) (m) 10.5 ± 0.2 10.6 ± 0.2 10.1 ± 0.2 10.5 ± 0.3 10.5 ± 0.3 10.2 ± 0.2
10 m jogging with jump (3) (m) 10.4 ± 0.2 10.4 ± 0.2 10.2 ± 0.1 10.4 ± 0.2 10.5 ± 0.3 10.3 ± 0.2

10 m jogging (4) (m) 10.2 ± 0.2 10.6 ± 0.6 10.0 ± 0.1 10.3 ± 0.3 10.5 ± 0.3 10.2 ± 0.3
10 m walking (5) (m) 10.5 ± 0.3 10.9 ± 0.7 10.1 ± 0.1 10.1 ± 0.2 10.2 ± 0.2 10.0 ± 0.1
5 m sprinting (6) (m) 5.0 ± 0.2 5.0 ± 0.2 4.8 ± 0.2 5.0 ± 0.3 5.0 ± 0.3 4.9 ± 0.3

10 m sprinting (7) (m) 10.2 ± 0.3 10.2 ± 0.3 9.9 ± 0.3 10.2 ± 0.3 10.3 ± 0.4 10.0 ± 0.4
20 m sprinting (8) (m) 20.5 ± 0.5 20.5 ± 0.4 20.2 ± 0.4 20.4 ± 0.5 20.4 ± 0.4 20.2 ± 0.4
30 m sprinting (9) (m) 30.5 ± 0.3 30.6 ± 0.3 30.2 ± 0.3 30.4 ± 0.5 30.4 ± 0.4 30.2 ± 0.4

129.6 m entire circuit (10) (m) 139.0 ± 2.3 139.3 ± 2.1 130.8 ± 1.5 135.9 ± 3.0 136.6 ± 2.7 131.1 ± 2.4

Noise during standing (10) (m) 8.0 ± 1.4 7.0 ± 0.9 3.5 ± 0.45 6.5 ± 0.8 6.0 ± 0.7 3.7 ± 0.5
Peak speed (1) (m/s) 6.3 ± 0.7 5.7 ± 0.3 5.3 ± 0.20 5.8 ± 0.3 5.5 ± 0.2 5.2 ± 0.2

Peak acceleration (1) (m/s2) 33.6 ± 18.4 4.1 ± 0.5 4.5 ± 0.63 26.0 ± 14.7 4.1 ± 0.5 5.5 ± 0.8
Peak deceleration (1) (m/s2) −24.8 ± 16.0 −3.2 ± 0.4 −4.7 ± 0.66 −18.6 ± 8.3 −3.3 ± 0.3 −5.4 ± 0.7

Peak speed (6–9) (m/s) 8.9 ± 0.7 8.2 ± 0.4 8.1 ± 0.41 8.6 ± 0.6 8.3 ± 0.4 8.2 ± 0.4
Peak acceleration (6–9) (m/s2) 46.1 ± 28.2 4.8 ± 0.4 5.4 ± 0.53 28.7 ± 23.4 4.9 ± 0.4 6.3 ± 0.9

Note: SD = Standard deviation; n = number; BW = Butterworth; COD = Change of direction. The numbers in the
brackets present the section of measurement within the circuit (Figure 1).

3.3. Validity

Table 3 displays the calculated relative TEEs according to the outdoor and indoor conditions,
and also to the different filtering techniques. During both conditions, the TEEs ranged from good
to moderate (TEE: 0.9–7.1%). The overall TEEs for the filtering techniques and raw data were all
good (TEE: 1.8–2.9%). However, the manufacturer filter showed the smallest overall TEEs during
both conditions.

Figure 2 shows the results of the Magnitude-Based Inferences concerning the differences in the
distances covered between the outdoor and indoor conditions. For that comparison, the data of the
manufacturer filter were used due to its highest validity outcomes (Table 3). There were trivial to
moderate differences between both conditions (unclear to most likely probabilities).
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Table 3. Relative typical error of estimates (mean ± SD) of the local positioning system for determining
the distances covered during outdoor and indoor conditions. The impacts of the different filtering
techniques, and the outcomes of the raw data, are also shown.

Variable
Outdoor (n = 80) Indoor (n = 89)

Raw Data BW 1 Hz Manufacturer Raw Data BW 1 Hz Manufacturer

25.1 m sprinting with CODs (1) (%) 1.4 ± 0.2 1.5 ± 0.2 1.8 ± 0.2 1.9 ± 0.2 1.9 ± 0.2 1.9 ± 0.2
10 m walking with CODs (2) (%) 1.7 ± 0.2 2.1 ± 0.3 1.6 ± 0.2 2.4 ± 0.3 2.5 ± 0.3 2.0 ± 0.3
10 m jogging with jump (3) (%) 1.5 ± 0.2 1.6 ± 0.2 1.3 ± 0.2 2.3 ± 0.3 2.9 ± 0.4 2.2 ± 0.3

10 m jogging (4) (%) 2.0 ± 0.3 5.4 ± 0.7 0.9 ± 0.1 3.1 ± 0.4 3.3 ± 0.4 2.8 ± 0.4
10 m walking (5) (%) 2.6 ± 0.4 6.4 ± 0.9 1.1 ± 0.1 1.6 ± 0.2 2.2 ± 0.3 1.3 ± 0.2
5 m sprinting (6) (%) 5.1 ± 0.7 4.1 ± 0.6 4.4 ± 0.6 7.1 ± 0.9 5.8 ± 0.8 6.2 ± 0.8

10 m sprinting (7) (%) 3.1 ± 0.4 2.5 ± 0.3 2.7 ± 0.4 4.3 ± 0.6 3.6 ± 0.5 3.8 ± 0.5
20 m sprinting (8) (%) 2.2 ± 0.3 2.0 ± 0.3 2.1 ± 0.3 2.3 ± 0.3 1.9 ± 0.2 2.0 ± 0.3
30 m sprinting (9) (%) 1.0 ± 0.1 0.9 ± 0.1 0.9 ± 0.1 1.5 ± 0.2 1.2 ± 0.2 1.3 ± 0.2

129.6 m entire circuit (10) (%) 1.7 ± 0.2 1.5 ± 0.2 1.1 ± 0.2 2.2 ± 0.3 2.0 ± 0.3 1.9 ± 0.2

Overall TEE (%) 2.2 ± 1.2 2.8 ± 1.9 1.8 ± 1.1 2.9 ± 1.7 2.7 ± 1.3 2.5 ± 1.5

Note: SD = Standard deviation; n = number; BW = Butterworth; COD = Change of direction. The numbers in the
brackets present the section of measurement within the circuit (Figure 1).
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Figure 2. Effects of indoor vs. outdoor condition on distances covered measured by the local positioning
system. For that comparison, the data of the manufacturer filter were used due to its highest validity
outcomes (Table 3). Note: Each effect is shown as factor of the smallest worthwhile difference (SWD).
The corresponding effect size thresholds for small (S; 1-fold), moderate (M; 3-fold), large (L; 6-fold),
and very large effects (VL; 10-fold) are also shown. The asterisks *, **, ***, and **** indicate the
probabilities that the effect is possibly (>75%), likely (>90%), very likely (>95.5%), and most likely
(=100%) higher or lower than the SWD. The letter u indicates an unclear effect with probabilities of
>5% that the effect is both higher and lower than the SWD. The numbers in the brackets present the
section of measurement within the circuit (Figure 1).

4. Discussion

This study aimed to compare the validity of a LPS during outdoor and indoor conditions for
team sports. The impact of different filtering techniques, namely that of a standard Butterworth and
unknown manufacturer filter included in the company’s proprietary software, was also investigated.
Based on previous studies, it was hypothesized that LPS validity is superior during outdoor compared
to indoor conditions [25] and that the filtering technique thereby has an impact. Our main findings
were that the LPS validity for measuring distances covered in team sports was (i) good-to-moderate
during both environments, whereby the outdoor was superior than indoor validity; and (ii) impacted
by the filtering techniques, showing superior validity outcomes for the manufacturer filter compared
to those for the standard Butterworth filter and to unprocessed raw data.

To allow comparisons of the LPS validity during outdoor and indoor conditions, a methodological
prerequisite is that the athletes reproduce the movement patterns with the same effort [10,37].
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Compared to a previous study [25], a methodological strength of our study was that we have
determined the capacity of the athletes to reproduce the circuit and also their physiological responses
by timing gates, heart rate, and perceived exertion measures. Our data show only trivial to moderate
differences between both environments (Table 1). Potential explanations for these differences are beside
technological and biological sources [25,26] also the different ground surfaces of both environments.
Since it is known that a hall floor has more grip than an artificial turf [38], it is plausible that our
athletes were slightly faster (up to small effect sizes) during indoor conditions (Table 1). However,
together with the physiological responses, our reliability findings overall demonstrate that our athletes
were able to reproduce the movement patterns during both environments with a comparable effort.

Our first major finding was that the LPS validity for measuring distances covered in team
sports was good to moderate during both environments (TEE: 0.9–7.1%), while the outdoor validity
(TEE: 0.9–6.4%) was superior than indoor validity (TEE: 1.2–7.1%) (Table 3). Our validity outcomes are
supported by those of previous studies [2,9,11,21,25–30,34]. These studies evaluated the LPS validity
predominantly during outdoor conditions for measuring different products as distances covered
(TEE: 0.8–6.0%) [9,25,31] and further indicators with diverse statistical calculations allowing no direct
comparison, as instantaneous speeds [27,29,30] and x-, y-positions [11,27,28,30]. Our data also reinforce
an important issue that applies not only to LPS [11,21,26,29], but also to GPS [14,18,26,39]: The validity
is compromised during accelerated runs over short distances [9,11,29], as shown most clearly by our
validity indicators over the 5-m sprinting distance (TEE: 4.1–7.1%) (Table 3). When taken together,
our and previous findings show that LPS can be considered as a good to moderate valid technology to
assess running-based movement patterns in team sports.

A new outcome of our study was that the LPS validity was superior during the outdoor
(TEE: 0.9–6.4%) than indoor condition (TEE: 1.2–7.1%) (Table 3). To the best of our knowledge, there is
only one previous study that has also compared the LPS validity during both environments [25].
Although the research designs differ in terms of the evaluated technologies, movement patterns,
data processing, and statistical analyses, the main finding in both studies is similar: The overall
error is approximately one percentage point higher during the indoor (previous study: 2.0–2.4%;
our study: 2.5–2.9%) than the outdoor (previous study: 1.3–1.4%; our study: 1.8–2.2%) condition.
Taking the evidence together, the results show that the LPS validity is negatively impacted by the indoor
environment. The overall lower indoor validity can be explained by signal interference mainly due to
reflection, which may result from construction materials like metal objects in sports halls [9,25,30].
To clarify this assumption, more research is needed. Thereby, and for practical considerations,
the numerous different structural conditions of sports halls have to be considered.

The second main outcome of our study was that the LPS validity for measuring distances covered
in team sports was impacted by the filtering techniques. In fact, during both environments, the validity
outcomes of the manufacturer filter were superior (TEE: 0.9–6.2%; overall: 1.8–2.5%) compared to
those of the standard Butterworth filter (TEE: 0.9–6.4%; overall: 2.7–2.8%) or unprocessed raw data
(TEE: 1.0–7.1%; overall: 2.2–2.9%) (Table 3). As known from GPS studies [35], the filtering technique
is a crucial step during data processing. Indeed, different filtering techniques lead up to very large
differences in the apparent number of acceleration events performed during soccer matches [40].
This outcome is in line with our found impacts on peak acceleration/deceleration data (Table 2).
In this context, the unphysiologically high peak acceleration/deceleration data of the unprocessed raw
data appear noteworthy (Table 2), which underlie the fundamental requirement to apply appropriate
filtering techniques to the raw data before acceleration/deceleration data are computed [41]. With this in
mind, there is still a surprising lack of research regarding the impact of filtering techniques on GPS and
LPS validity. In a previous study, we showed that LPS was impacted by more noise than GPS (very large
effect sizes), and also that the amount of noise was largest at the corners of the circuit close to the
reference antennas [9]. Higher error rates of LPS data close to walls and corners have also been reported
in further studies, and were related to undetected anchor nodes and multipath propagation [30,42].
Thus, filtering techniques may be of particular importance for the LPS validity during outdoor and
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indoor condition, and require more research clearly. The underlying explanations for the different
impacts of the filtering techniques found on our LPS validity remain unclear. While we have applied a
standard Butterworth filter from the field of biomechanics [43], the exact mathematical functioning and
specifications of the used manufacturer filter are unfortunately unknown. The reason to investigate
the impact anyway was that the filtering technique grounds on the best practice experience of the
manufacturer and is included in the proprietary software used by the end consumers in daily practice.
Thus, to progress the entire field of the player tracking technologies forward, we strongly encourage
manufacturers to disclose their algorithms and filtering techniques [30,35,44]. In this context, it is also
worth questioning, if raw data reported by proprietary software can been considered as “true” raw
data, as conducted here, because it is likely that they have already been processed by further unknown
filters working directly on the hardware level.

A potential limitation of our study is that we have used defined distances covered together
with timing gates as a criterion measure. According to a previous validation study, there are three
different validation levels: position, instant speed and acceleration, and from the latter aggregated
data as distances covered [11]. Our study corresponds to the third level. To take also the validity
of the position and underlying speed data into account, a camera-based reference system should
have been used [11,30]. The main reason for our approach was that camera-based systems allow to
assess speed data only within relatively small areas, and thus are unable to investigate movement
patterns over longer distances at maximal speeds that are also part of team sports. Additionally,
and due to the standard application of the LPS evaluated here, for example during each competitive
match in the German Handball-Bundesliga, we aimed to evaluate the technology in external valid
conditions that take the entire playing fields of team sports as handball into account, including the
corners being challenging for position detection [9,27,30,42], which is presently not possible by a
camera-based approach. However, to allow a better comparison of the findings derived by future
validation studies, accepted methodological standards have to be developed, as recently summarized
in first guidelines [45].

5. Conclusions

In conclusion, our study shows that the evaluated LPS can be considered as a good to moderately
valid tracking technology to assess running-based movement patterns during outdoor and indoor
conditions in team sports. However, it must also be concluded that the LPS validity was superior
outdoor compared to indoor, and impacted by the applied filtering techniques, showing best validity
outcomes for an unknown manufacturer filter. Our outcomes should be considered for practical
purposes like match and training analyses in the team sport environment.

Author Contributions: Conceptualization, C.B. and M.W.H.; methodology, C.B. and M.W.H.; software, C.B.;
validation, P.S.A., C.B., O.U. and M.W.H.; formal analysis, P.S.A., C.B. and M.W.H.; investigation, C.B. and M.W.H.;
resources, J.F.; data curation, P.S.A., C.B. and M.W.H.; writing—original draft preparation, P.S.A.; writing—review
and editing, C.B., O.U., J.F. and M.W.H.; visualization, P.S.A. and C.B.; supervision, M.W.H.; project administration,
M.W.H. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Acknowledgments: The authors would like to thank Joana Brochhagen, Matthias Kühnemann, Sasha Javanmardi,
Vadim Barnics, and Rene Prüßner for their assistance to collect the data.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Carling, C. Interpreting physical performance in professional soccer match-play: Should we be more
pragmatic in our approach? Sports Med. 2013, 43, 655–663. [CrossRef] [PubMed]

2. Buchheit, M.; Samozino, P.; Glynn, J.A.; Michael, B.S.; Al Haddad, H.; Mendez-Villanueva, A.; Morin, J.B.
Mechanical determinants of acceleration and maximal sprinting speed in highly trained young soccer players.
J. Sports Sci. 2014, 32, 1906–1913. [CrossRef] [PubMed]

http://dx.doi.org/10.1007/s40279-013-0055-8
http://www.ncbi.nlm.nih.gov/pubmed/23661303
http://dx.doi.org/10.1080/02640414.2014.965191
http://www.ncbi.nlm.nih.gov/pubmed/25356503


Sensors 2020, 20, 5733 9 of 10

3. Hoppe, M.W.; Baumgart, C.; Slomka, M.; Grim, C.; Engelhardt, M.; Freiwald, J. Konditionelle Leistungsdiagnostik
im Hochleistungsfußball—Vergangenheit, Gegenwart und Zukunft. OUP 2018, 7, 536–544.

4. Rossi, A.; Pappalardo, L.; Cintia, P.; Iaia, F.M.; Fernàndez, J.; Medina, D. Effective injury forecasting in soccer
with GPS training data and machine learning. PLoS ONE 2018, 13, e0201264. [CrossRef]

5. Vanrenterghem, J.; Nedergaard, N.J.; Robinson, M.A.; Drust, B. Training load monitoring in team sports:
A novel framework separating physiological and biomechanical load-adaptation pathways. Sports Med.
2017, 47, 2135–2142. [CrossRef]

6. Casamichana, D.; Castellano, J.; Calleja-Gonzalez, J.; San Román, J.; Castagna, C. Relationship between
indicators of training load in soccer players. J. Strength Cond. Res. 2013, 27, 369–374. [CrossRef]

7. Scott, B.R.; Lockie, R.G.; Knight, T.J.; Clark, A.C.; Janse de Jonge, X.A.K. A comparison of methods to quantify
the in-season training load of professional soccer players. Int. J. Sports Physiol. Perform. 2013, 8, 195–202.
[CrossRef]

8. Gabbett, T.J. The training-injury prevention paradox: Should athletes be training smarter and harder? Br. J.
Sports Med. 2016, 50, 273–280. [CrossRef]

9. Hoppe, M.W.; Baumgart, C.; Polglaze, T.; Freiwald, J. Validity and reliability of GPS and LPS for measuring
distances covered and sprint mechanical properties in team sports. PLoS ONE 2018, 13, e0192708. [CrossRef]

10. Hopkins, W.G.; Marshall, S.W.; Batterham, A.M.; Hanin, J. Progressive statistics for studies in sports medicine
and exercise science. Med. Sci. Sports Exerc. 2009, 41, 3–13. [CrossRef]

11. Linke, D.; Link, D.; Lames, M. Validation of electronic performance and tracking systems EPTS under field
conditions. PLoS ONE 2018, 13, e0199519. [CrossRef] [PubMed]

12. Scott, M.T.U.; Scott, T.J.; Kelly, V.G. The validity and reliability of global positioning systems in team sport:
A brief review. J. Strength Cond. Res. 2016, 30, 1470–1490. [CrossRef]

13. Edgecomb, S.J.; Norton, K.I. Comparison of global positioning and computer-based tracking systems for
measuring player movement distance during Australian football. J. Sci. Med. Sport 2006, 9, 25–32. [CrossRef]
[PubMed]

14. Barbero-Alvarez, J.C.; Coutts, A.; Granda, J.; Barbero-Alvarez, V.; Castagna, C. The validity and reliability
of a global positioning satellite system device to assess speed and repeated sprint ability (RSA) in athletes.
J. Sci. Med. Sport 2010, 13, 232–235. [CrossRef]

15. Coutts, A.J.; Duffield, R. Validity and reliability of GPS devices for measuring movement demands of team
sports. J. Sci. Med. Sport 2010, 13, 133–135. [CrossRef]

16. Gray, A.J.; Jenkins, D.; Andrews, M.H.; Taaffe, D.R.; Glover, M.L. Validity and reliability of GPS for measuring
distance travelled in field-based team sports. J. Sports Sci. 2010, 28, 1319–1325. [CrossRef] [PubMed]

17. Jennings, D.; Cormack, S.; Coutts, A.J.; Boyd, L.; Aughey, R.J. The validity and reliability of GPS units for
measuring distance in team sport specific running patterns. Int. J. Sports Physiol. Perform. 2010, 5, 328–341.
[CrossRef]

18. Vickery, W.M.; Dascombe, B.J.; Baker, J.D.; Higham, D.G.; Spratford, W.A.; Duffield, R. Accuracy and
reliability of GPS devices for measurement of sports-specific movement patterns related to cricket, tennis,
and field-based team sports. J. Strength Cond. Res. 2014, 28, 1697–1705. [CrossRef]

19. Waldron, M.; Worsfold, P.; Twist, C.; Lamb, K. Concurrent validity and test-retest reliability of a global
positioning system (GPS) and timing gates to assess sprint performance variables. J. Sports Sci. 2011, 29,
1613–1619. [CrossRef]

20. Varley, M.C.; Fairweather, I.H.; Aughey, R.J. Validity and reliability of GPS for measuring instantaneous
velocity during acceleration, deceleration, and constant motion. J. Sports Sci. 2012, 30, 121–127. [CrossRef]

21. Colino, E.; Garcia-Unanue, J.; Sanchez-Sanchez, J.; Calvo-Monera, J.; Leon, M.; Carvalho, M.J.; Gallardo, L.;
Felipe, J.L.; Navandar, A. Validity and reliability of a commercially available indoor tracking system to assess
distance and time in court-based sports. Front. Psychol. 2019, 10, 2076. [CrossRef] [PubMed]

22. Camomilla, V.; Bergamini, E.; Fantozzi, S.; Vannozzi, G. Trends supporting the in-field use of wearable
inertial sensors for sport performance evaluation: A systematic review. Sensors 2018, 18, 873. [CrossRef]

23. Hoppe, M.W.; Baumgart, C.; Freiwald, J. Estimating external loads and internal demands by positioning
systems and innovative data processing approaches during intermittent running activities in team and
racquet sports. Sports Orthop. Traumatol. 2018, 34, 3–14. [CrossRef]

24. Mertens, J.C.; Boschmann, A.; Schmidt, M.; Plessl, C. Sprint diagnostic with GPS and inertial sensor fusion.
Sports Eng. 2018, 21, 441–451. [CrossRef]

http://dx.doi.org/10.1371/journal.pone.0201264
http://dx.doi.org/10.1007/s40279-017-0714-2
http://dx.doi.org/10.1519/JSC.0b013e3182548af1
http://dx.doi.org/10.1123/ijspp.8.2.195
http://dx.doi.org/10.1136/bjsports-2015-095788
http://dx.doi.org/10.1371/journal.pone.0192708
http://dx.doi.org/10.1249/MSS.0b013e31818cb278
http://dx.doi.org/10.1371/journal.pone.0199519
http://www.ncbi.nlm.nih.gov/pubmed/30036364
http://dx.doi.org/10.1519/JSC.0000000000001221
http://dx.doi.org/10.1016/j.jsams.2006.01.003
http://www.ncbi.nlm.nih.gov/pubmed/16580251
http://dx.doi.org/10.1016/j.jsams.2009.02.005
http://dx.doi.org/10.1016/j.jsams.2008.09.015
http://dx.doi.org/10.1080/02640414.2010.504783
http://www.ncbi.nlm.nih.gov/pubmed/20859825
http://dx.doi.org/10.1123/ijspp.5.3.328
http://dx.doi.org/10.1519/JSC.0000000000000285
http://dx.doi.org/10.1080/02640414.2011.608703
http://dx.doi.org/10.1080/02640414.2011.627941
http://dx.doi.org/10.3389/fpsyg.2019.02076
http://www.ncbi.nlm.nih.gov/pubmed/31551896
http://dx.doi.org/10.3390/s18030873
http://dx.doi.org/10.1016/j.orthtr.2018.01.001
http://dx.doi.org/10.1007/s12283-018-0291-0


Sensors 2020, 20, 5733 10 of 10

25. Sathyan, T.; Shuttleworth, R.; Hedley, M.; Davids, K. Validity and reliability of a radio positioning system for
tracking athletes in indoor and outdoor team sports. Behav. Res. Methods 2012, 44, 1108–1114. [CrossRef]

26. Frencken, W.G.P.; Lemmink, K.A.P.M.; Delleman, N.J. Soccer-specific accuracy and validity of the local
position measurement (LPM) system. J. Sci. Med. Sport 2010, 13, 641–645. [CrossRef] [PubMed]

27. Ogris, G.; Leser, R.; Horsak, B.; Kornfeind, P.; Heller, M.; Baca, A. Accuracy of the LPM tracking system
considering dynamic position changes. J. Sports Sci. 2012, 30, 1503–1511. [CrossRef]

28. Siegle, M.; Stevens, T.; Lames, M. Design of an accuracy study for position detection in football. J. Sports Sci.
2013, 31, 166–172. [CrossRef]

29. Stevens, T.G.A.; de Ruiter, C.J.; van Niel, C.; van de Rhee, R.; Beek, P.J.; Savelsbergh, G.J.P. Measuring acceleration
and deceleration in soccer-specific movements using a local position measurement (LPM) system. Int. J. Sports
Physiol. Perform. 2014, 9, 446–456. [CrossRef]

30. Luteberget, L.S.; Spencer, M.; Gilgien, M. Validity of the Catapult ClearSky T6 local positioning system for
team sports specific drills, in indoor conditions. Front. Physiol. 2018, 9, 115. [CrossRef]

31. Rhodes, J.; Mason, B.; Perrat, B.; Smith, M.; Goosey-Tolfrey, V. The validity and reliability of a novel indoor
player tracking system for use within wheelchair court sports. J. Sports Sci. 2014, 32, 1639–1647. [CrossRef]

32. Rico-González, M.; Los Arcos, A.; Clemente, F.M.; Rojas-Valverde, D.; Pino-Ortega, J. Accuracy and reliability
of ocal positioning systems for measuring sport movement patterns in stadium-scale: A systematic review.
Appl. Sci. 2020, 10, 5994. [CrossRef]

33. Kinexon: KINEXON Stellt Hochpräzise Leistungsdaten für die EHF EUROs. Available online: https://kinexon.
com/de/pr/kinexon-stellt-hochpraezise-leistungsdaten-fuer-ehf-euros-bereit (accessed on 4 March 2020).

34. Link, D.; Weber, M.; Linke, D.; Lames, M. Can positioning systems replace timing gates for measuring sprint
time in ice hockey? Front. Physiol. 2018, 9, 1882. [CrossRef]

35. Malone, J.J.; Lovell, R.; Varley, M.C.; Coutts, A.J. Unpacking the black box: Applications and considerations
for using GPS devices in sport. Int. J. Sports Physiol. Perform. 2017, 12, 218–226. [CrossRef] [PubMed]

36. Präzise Echtzeit-Lokalisierung Kombiniert mit Innovativen Analysen. Available online: https://kinexon.com/

de (accessed on 14 September 2020).
37. Hopkins, W.G. Spreadsheets for analysis of validity and reliability. Sportscience 2015, 19, 36–44.
38. Haugen, T.; Buchheit, M. Sprint running performance monitoring: Methodological and practical considerations.

Sports Med. 2016, 46, 641–656. [CrossRef] [PubMed]
39. Duffield, R.; Reid, M.; Baker, J.; Spratford, W. Accuracy and reliability of GPS devices for measurement of

movement patterns in confined spaces for court-based sports. J. Sci. Med. Sport 2010, 13, 523–525. [CrossRef]
40. Varley, M.C.; Jaspers, A.; Helsen, W.F.; Malone, J.J. Methodological considerations when quantifying

high-intensity efforts in team sport using global positioning system technology. Int. J. Sports Physiol. Perform.
2017, 12, 1059–1068. [CrossRef]

41. Hoppe, M.W.; Baumgart, C.; Slomka, M.; Polglaze, T.; Freiwald, J. Variability of metabolic power data in elite
soccer players during pre-season matches. J. Hum. Kinet. 2017, 58, 233–245. [CrossRef]

42. Muthukrishnan, K. Multimodal Localisation: Analysis, Algorithms and Experimental Evaluation; University of
Twente: Enschede, The Netherlands, 2009.

43. Winter, D.A. Biomechanics and Motor Control of Human Movement, 4th ed.; Wiley: Hoboken, NJ, USA, 2009.
44. Düking, P.; Fuss, F.K.; Holmberg, H.-C.; Sperlich, B. Recommendations for assessment of the reliability,

sensitivity, and validity of data provided by wearable sensors designed for monitoring physical activity.
JMIR Mhealth Uhealth 2018, 6, e102. [CrossRef]

45. Rico-González, M.; Los Arcos, A.; Rojas-Valverde, D.; Clemente, F.M.; Pino-Ortega, J. A Survey to Assess
the Quality of the Data Obtained by Radio-Frequency Technologies and Microelectromechanical Systems
to Measure External Workload and Collective Behavior Variables in Team Sports. Sensors 2020, 20, 2271.
[CrossRef] [PubMed]

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.3758/s13428-012-0192-2
http://dx.doi.org/10.1016/j.jsams.2010.04.003
http://www.ncbi.nlm.nih.gov/pubmed/20594910
http://dx.doi.org/10.1080/02640414.2012.712712
http://dx.doi.org/10.1080/02640414.2012.723131
http://dx.doi.org/10.1123/ijspp.2013-0340
http://dx.doi.org/10.3389/fphys.2018.00115
http://dx.doi.org/10.1080/02640414.2014.910608
http://dx.doi.org/10.3390/app10175994
https://kinexon.com/de/pr/kinexon-stellt-hochpraezise-leistungsdaten-fuer-ehf-euros-bereit
https://kinexon.com/de/pr/kinexon-stellt-hochpraezise-leistungsdaten-fuer-ehf-euros-bereit
http://dx.doi.org/10.3389/fphys.2018.01882
http://dx.doi.org/10.1123/ijspp.2016-0236
http://www.ncbi.nlm.nih.gov/pubmed/27736244
https://kinexon.com/de
https://kinexon.com/de
http://dx.doi.org/10.1007/s40279-015-0446-0
http://www.ncbi.nlm.nih.gov/pubmed/26660758
http://dx.doi.org/10.1016/j.jsams.2009.07.003
http://dx.doi.org/10.1123/ijspp.2016-0534
http://dx.doi.org/10.1515/hukin-2017-0083
http://dx.doi.org/10.2196/mhealth.9341
http://dx.doi.org/10.3390/s20082271
http://www.ncbi.nlm.nih.gov/pubmed/32316325
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Subjects 
	Design 
	Local Positioning System and Data Processing 
	Statistical Analyses 

	Results 
	Reliability 
	Descriptive Data 
	Validity 

	Discussion 
	Conclusions 
	References

