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Abstract

The use of inertial measurement units (IMU) by the coaches has not reached the desired level,
especially due to the complexity of the data processing. The aim of the study is to demonstrate
that raw acceleration data obtained from IMUs can be used in swimming technical analysis by
individuals operating in the field after processing with simple filtering methods. For this aim,
the arm-stroke and kicking durations of the swimmers were determined using the acceleration
data obtained from the IMUs and the agreement with the times obtained from the video
recordings was examined. Five female (18.2+.84 years; 1.69+.04 m; 60.76+1.86kg) and 5 male
(19.612.41 years; 1.81+.03 m; 81.2+2.69 kg) competitive swimmers participated to the study.
Data was collected via two high-speed cameras and four IMUs which were placed bilaterally
to the ankles and wrists of the swimmers. Bland-Altman method were used to examine the
agreement. One-Sample T-tests were used to test whether the difference between the two
measurements differed significantly from the “0”. The majority (except 4) of the differences
in arm-stroke and kicking cycle durations were within the limits of agreement. T-tests
indicated that all the differences between the data obtained from two different measurement
methods were not different from 0 (p>.05). Results showed that the accelerometer data
alone, without fusion with other data or processed with complex algorithms can be used with
ease for investigating temporal variables of swimming techniques.
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Atalet 6lgiim birimlerinin (IMU) antrendrler tarafindan kullanimi 6zellikle veri isleme strecinin
karmasikligi nedeniyle istenilen diizeye ulasamamistir. Calismanin amaci IMU’lardan elde
edilen ham ivmelenme verilerinin basit filtreleme yontemleri ile islenmesinin ardindan alanda
faaliyet gosteren bireyler tarafindan ylizmede teknik analizlerde kullanilabileceginin ortaya
koyulmasidir. Bu ama¢ dogrultusunda IMU’lardan elde edilen ivmelenme verilerinden
yuziculerin kol gekisi ve ayak vurusu sireleri belirlenmis ve video kayitlarindan elde edilen
sureler ile uyumu incelenmistir. Calismada 5 kadin (18.2+.84 yil; 1.69+.04 m; 60.76+1.86 kg)
ve 5 erkek (19.612.41 yil; 1.81+.03 m; 81.2+2.69 kg) musabik yiiziici katilmci olarak yer
almistir. ivemelenme ve gériintii verileri, yiziiciilerin ayak ve el bileklerine bilateral olarak
yerlestirilen dort adet IMU ve iki adet yiiksek hizli kamera ile toplanmistir. Uyumun
incelenmesinde Bland-Altman yéntemi kullaniimistir. iki él¢iim arasindaki farkin “0” dan
6énemli dlclide farkli olup olmadigini test etmek icin ise Tek Orneklem T-testi kullanilmistir. Kol
cekisi ve ayak vurusu dongusu surelerindeki farkliliklarin gogu (4'G harig) uyum sinirlari iginde
yer almistir. T-testleri iki farkl 6lgim yonteminden elde edilen veriler arasindaki tim
farkliliklarin 0'dan farkli olmadigini géstermistir (p>.05). Sonuglar, ivmedlger verilerinin tek
basina, diger verilerle birlestiriimeden veya karmasik algoritmalarla islenmeden ylzme
tekniklerinin zamansal degiskenlerini incelemek i¢in kolaylikla kullanilabilecegini gostermistir.

Anahtar Kelimeler: Yiizme, Atalet 6lgiim birimi, Giyilebilir teknoloji, Kol ¢ekisi, Ayak vurusu
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Sport-related tasks are performed uniquely by each athlete and
the way athletes exhibit these tasks is called technique (Lennox,
Rayfield & Steffen, 2006). In cyclic sports such as cycling, run-
ning and swimming where a particular movement is repeated
continuously, the athlete's technique is one of the main factors
that determine overall performance (Engel, Schaffert, Ploigt, &
Mattes, 2021; Marinho, Barbosa & Neiva, 2013). Due to the cyc-
lical nature of motion, a technical error can result in a cumula-
tive loss in performance. Swimmers devote some of their trai-
ning programs to technical development in order to improve
their performances (Bachlin & Troster, 2012; Nugent, Comyns
& Warrington, 2017). It is not always easy to perceive self-tech-
nical errors in sports such as swimming where each part of the
body needs to work simultaneously, in coordination and wit-
hout any visual feedback. Therefore, swimmers often need
external (augmented) feedback. Although external feedback
has a variety of sources, it is usually provided by coaches (Pérez,
Llana, Brizuela, & Encarnacién, 2009; Schaffert, Engel, Schliiter
& Mattes, 2019). On the other hand, coaches often rely on their
eyes while they are on deck and provide feedback to their ath-
letes to correct visible errors. This method is useful and very
practical during daily training sessions, however, it should be
noted that many subtle errors may not be detected or overloo-
ked (Callaway, 2015; Mooney et al., 2016; Wilson, 2008).

High-speed cameras have been used for technical analy-
ses in swimming for many years and are still the most common
data collection tool (Mooney et al., 2015). However, images ob-
tained from camera recordings alone are insufficient to analyze
the technique quantitatively. In order to quantify or digitize the
motion and to calculate the kinematic variables, software spe-
cially written for this purpose is usually required (Callaway,
Cobb & Jones, 2009). The video-based motion analysis method
is accepted as the gold standard in examining the techniques of
athletes and gives the chance of visual monitoring of perfor-
mance during and after analysis as an advantage (Pansiot, Lo &
Yang, 2010). Nevertheless, it has some disadvantages limiting
the usage such as cost, limited field of view, long setup time,
sensitivity (light, water, humidity etc.), and occlusion of the mo-
vement (Ceseracciu et al., 2011; Monnet, Samson, Bernard,
David & Lacouture, 2014; Silvatti et al., 2013). In addition, the
process of getting the data ready for analysis (post-processing)
can be quite long, especially when the manual digitization met-
hod is used(Le Sage et al., 2010; O’Reilly, Caulfield, Ward,
Johnston & Doherty, 2018)

Breakthroughs in wearable technology have occurred
over the past two decades. With the development of electronics
and design, the sensors have decreased in size, the data collec-
tion rate and accuracy have increased, and they have become
able to transfer data wirelessly at high speed and become more
ergonomic (Ahmad, Ghazilla, Khairi & Kasi, 2013). These sen-
sors, which had only accelerometers in the first periods, were
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later added 3 axes gyroscope and a magnetometer and turned
into a measurement unit called inertial measurement unit
(IMU). IMUs have started to be used as an alternative to video-
based motion analysis systems due to some advantages they of-
fer, including low cost, durability and easy installation on the
body (Engel, Ploigt, Mattes & Schaffert, 2021; Tolza, Soto-
Romero, Fourniols & Acco, 2017). The advantages and disad-
vantages of using video-based and IMU technologies in swim-
ming motion analysis are given in detail in the review article of
Guignard, Rouard, Chollet, and Seifert (2017).

IMUs were used to estimate temporal and kinematic vari-
ables as well as to determine the stroke type, stroke rate and
phases of stroke in swimming (Hamidi Rad, Gremeaux, Dadashi
& Aminian, 2021; Magalhaes, Vannozzi, Gatta & Fantozzi, 2015;
Stamm & Shlyonsky, 2020; Zhang et al., 2017). The results of
studies aiming to identify temporal variables such as total swim-
ming, lap, glide, turn times, stroke count and stroke rate usually
are consistent with the studies using video-based motion analy-
sis (Callaway et al., 2009; Davey, Anderson & James, 2008;
Slawson, Justham, Conway, Le-Sage & West, 2012). In recent
studies, researchers also use other sensor data of IMUs in order
to increase the accuracy of the data. In these studies, it is seen
that the data obtained from gyroscopes, accelerometers and
magnetometers are fused using Kalman, Madgwick, and Comp-
lementary filtering methods (Wang et al., 2019; Worsey, Pahl,
Espinosa, Shepherd & Thiel, 2021).

The increase in the diversity and complexity of the algo-
rithms used in motion analysis offers advantages such as more
precise results to researchers but limits the use of IMUs by pe-
ople acting in the field. In a recent survey, it has been shown
that one of the barriers to the use of sensor-based technologies
is that the technology is not sufficiently recognized by coaches
(Mooney et al., 2016). The same study showed that coaches
prefer equipment that is easy to use, cheap and provides easy-
to-understand data to perform technical analysis. Based on this
information, this study aimed to determine the arm-stroke and
kicking cycle durations utilizing the 1-axis acceleration data ob-
tained from the IMUs, and test the validity of the method by
comparing the results with those determined using the video
images.

Method

Participants

Ten (5 male and 5 female) national-level swimmers participated
in the study (See Table 1 for descriptive statistics). All swimmers
have 8-10 years of racing experience. Since all four swimming
techniques (butterfly, backstroke, breaststroke, and freestyle)
were planned to be performed for the study, the participants
were chosen as the swimmers competing in individual medley
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events (100m, 200m and 400m). The participants were infor-
med verbally and written about the study and signed informed
consent forms before the measurements. Individuals who had
a health problem affecting swimming performance or who had

Table 1. Descriptive statistics of the participants.
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undergone a medical operation within 6 months from the mea-
surement date were not included in the study. Participants co-
uld leave the study at any time without stating any reason, and
if they had a health problem during the measurements, they
would be excluded from the study.

Butterfly Backstroke Breaststroke Freestyle
Gender Age (year) Height (m) Weight (kg)  PBT(s) TT (s) PBT (s) TT (s) PBT (s) TT (s) PBT (s) TT (s)
Male 19.6+2.41 1.81+.03 81.2+2.69 24.56+.46 28.22+.53 24.81+.45 28.53+52 28.02+.57 32.22+.66 23.29*.41 26.78+ .47
Female 18.2+.84 1.69+.04 60.76+1.86 27.43+ .43 3154+ .49 28.74+.86 33.05+.99 32.96+.88 37.91+1.01 26.12+.38 30.04 + .44

PBT = Personal best times; TT = Trial times (Trial times in all techniques are measured for 50 meters)

Experimental Procedure

All trials were carried out in a 50m indoor swimming pool
with controlled water (27-28°C) and air (29-31°C) temperatu-
res. Swimmers completed a 30-minute warm-up before starting
the trials to prevent injury. In the warm-up, kicking, arm-stroke
and swimming sets of 4 techniques were included. Ten minutes
of the resting period was given at the end of the warm-up and
the sensors were placed within this period.

Swimmers were asked to perform 2x50m with a push-off
(in-water) start for each swimming technique and their perfor-
mances were verbally requested to be %15 slower (calculated
as the time before trials started) than the best 50m times. Dolp-
hin kicks after the glide were not allowed for any technique. To
prevent trials from being affected by fatigue, 5-minute active
rests including low-pace swimming were given between trials.
The trial had the closest time to 85% of their best performance
included in the analyses.

Images (1280x720p) of the trials were recorded via two
(one under and one above the water) action cameras (Sony,
FDRX1000V, Japan) mounted on a carrier. The underwater ca-
mera was placed at a depth of 80 cm from the water surface,
and the above-water camera was placed at a height of 100 cm
from the water surface. In all trials, images were recorded from
the right side of the swimmer at an angle of 90 degrees to the
swimmer's axis of motion. The carrier was pulled in line with the
swimmer during the trials by an experienced researcher, and
the cameras on it were ensured to take the clearest imagme
possible. Four IMUs with a measurement range of 16 g (ActiG-
raph, Link GT9X, USA) were placed on the participants' bodies.
Two of them were placed on the posterior side of wrists (on the
styloid process of ulna and Lister’s tubercule of radius bones),
and two on the ankles (on the 3cm superior of lateral malleous)
as shown below (Figure 1).

In all trials, cameras were operated at a recording speed
of 100 frames per second, and IMUs at a data acquisition rate
of 100 samples per second. Cameras and IMUs were synchroni-
zed before all trials.

R 3

Figure 1. Locations and axes of IMUs on the swimmer's body

Data Analysis

The y-axis acceleration data were used to determine arm-
stroke and kicking cycles and their durations. The sensor coor-
dinate system was used in the calculations. For this reason, it
should be kept in mind that the positions and orientations of
the sensors changed due to arm and leg movements. For but-
terfly and freestyle, the peak was caused by the impact at the
entries; for backstroke, the change of direction in the accelera-
tion data as the hand goes into pronation; for breaststroke, the
peak at the catch was accepted as the beginning point of the
arm-stroke cycles. For the butterfly, backstroke and freestyle
kicks, the peaks at transition points between the down and up-
beat phases; for breaststroke kicks, the peaks at transition po-
ints (catch) between out and in-sweep phases were accepted as
the beginning points of the cycles. The catch points for arm-
strokes and kicks defined by (Maglischo, 2003) were used for all
strokes.

All acceleration data was attenuated by a third-order low
pass filter with a 2Hz cut-off frequency and plotted using KST2
data processing-plotting software. The filtered data were trans-
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ferred to MS Excel software (Version 2206) with the time vari-
able in column A and the acceleration variable in column B. By
using the equation  =IF(AND(B2>$C$2,B3>B2,B3>B4),
"Peak",""), the peaks on the data set were determined. A thres-
hold value is written in cell C2 if needed. Thus, peaks larger and
smaller than certain values can be detected in an arm-stroke or
kicking cycle. Other than MS Excel, any software that can recog-
nize "if" and "and" commands can be used to detect peaks. Two
experienced researchers who carried out video-based motion
analysis studies examined the video recordings using the Trac-
ker (O.S.P, Ver. 5.1.5) software and digitized the beginning point
of the arm-stroke and kicking cycles. Incomplete arm-stroke
cycles seen in the last part of the pool, that is, in the finishing
phase, were not included in the analysis.

All durations of arm-stroke and kicking cycles for all swim-
ming techniques included in statistical analyses. It was decided
to examine the cycles according to gender, since the number of
cycles and durations were significantly different, which would
increase the variance in statistical calculations. Bland-Altman
method were used to examine the agreement between the data
obtained by two measurement methods. Mean difference
+1.96 standard deviations (95% confidence interval) were ac-
cepted as limits of agreement for all data couples. One-Sample
T-Tests were used to test whether the difference between the
data differed significantly from the “0” to ensure an objective
decision. The normality of the differences was tested with the
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Kolmogorov-Smirnov Test. The level of significance was deter-
mined as .05 for all tests. Statistical tests were carried out using
IBM SPSS Statistics (Version 24 for Windows; IBM, NY, USA)

Ethical Approval

The ethics committee approval for this study was given by
Nevsehir Haci Bektas Veli University Ethics Committee (docu-
ment no: 2022.03.31-2100081420). The study was carried out
in line with the Helsinki Declaration.

Findings

Due to a large number of figures (a total of 160 considering both
sides of the body, ankles and wrists) and long time periods (app-
roximately 30 seconds), it was not possible to present all in a
way that covers the whole trials. For this reason, figures with
summary data of randomly selected trials were given. Time-se-
ries of 3-4 arm-stroke cycles and corresponding kicking cycles
are given in the figures in raw and filtered form. The time win-
dow selected while creating the figures belongs to the trials
approximately between the 25% and 35™ meters, and the x-axis
shows the time in 1/100 seconds, and the y-axis shows the ac-
celeration in g. In Figure 2, acceleration data collected by all
IMUs are given for the butterfly. Subsequently, in Figures 3-5,
acceleration data collected only by the IMUs on the right side of
the body are given for backstroke, breaststroke and freestyle.
In addition, the points accepted as the beginning of the cycles

are marked in the Figures.
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Figure 5. Raw and filtered acceleration data of freestyle arm-strokes and kicks

Almost all of the differences in arm-stroke and kicking
cycle durations were within the limits of agreement, between
the £1.96 standard deviation. Only four differences in the arm-
stroke cycle durations of the men's butterfly and four in the kic-
king cycle durations of the women's butterfly were outside the
limits of the agreement. Regardless of gender and swimming
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stroke, the average biases for all arm-stroke and kicking cycle
times were quite small. As a matter of fact, the results of One-
Sample T-Tests indicated that the differences between arm-
stroke (Table 2) and kicking cycle (Table 3) durations were not
statistically different from 0 (p>.05 for all).
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Table 2. Descriptive statistics of arm-stroke cycles and one-sample t-test results.

Arm-Stroke Cycle Duration (1/100s)

Stroke Type Gender IMU Video One-Sample T-Test
n m sD m sD M. Diff  SD t p
Female 110 132.00 5.19 132.00 5.99 0.66 3.70 1.88 0.06
Butterfly
Male 84 139.95 5.82 140.06 6.57 -0.11 2.97 -0.33 0.74
Famale 74 222.91 6.75 223.65 7.55 -0.74 3.42 -1.87 0.07
Backstroke
Male 56 222.41 4.69 222.82 6.34 -0.41 3.82 -0.81 0.42
. K Female 81 168.56 6.00 167.80 7.17 0.76 3.36 1.96 0.05
.stroke
Male 75 182.41 6.20 182.85 7.36 -0.44 4.09 -0.93 0.36
Female 86 195.40 7.95 195.74 9.05 -0.35 3.90 -0.83 0.41
Freestyle
Male 62 166.67 6.61 165.80 7.28 0.87 4.56 1.51 0.14
Table 3. Descriptive statistics of kicking cycles and one-sample t-test results.
Kicking Cycle Duration (1/100s)
Stroke Type Gender IMU Video One-Sample T-Test
n m SD m sD M.Diff  SD t p
Female 220 69.78 3.43 70.18 4.79 -0.41 3.33 -1.80 0.07
Butterfly
Male 168 70.37 5.86 70.31 6.64 0.06 3.43 0.23 0.82
Female 296 64.23 4.72 63.98 6.10 0.25 3.82 1.14 0.26
Backstroke
Male 268 75.52 7.67 75.25 8.31 -0.19 2.40 -1.27 0.21
. K Female 81 167.30 7.00 168.09 8.74 -0.78 4.22 -1.64 0.11
.stroke
Male 75 183.63 7.04 183.41 7.22 0.21 3.29 0.56 0.58
Female 366 59.31 5.11 59.33 6.67 -0.02 4.87 -0.08 0.93
Freestyle
Male 298 69.17 4.09 68.95 6.22 0.22 4.67 8.81 0.42
Discussion

The primary aim of this study is to enable the coaches working
in the field to benefit more from the IMUs, which are frequently
used in recent research studies to examine the kinematic and
temporal variables in swimming, and thus to make a positive
contribution to the performance of the swimmers. Considering
the number of participants, it was decided to conduct this study
as a pilot study. For this aim, 4 IMUs were placed on the wrists
and ankles of 10 competitive swimmers and they were asked to
swim 50 meters at speeds corresponding to 85% of their best
time in each technique. Only the y-axis acceleration data was
included in the analysis, and the duration of the arm-stroke and
kicking cycles of the swimmers was determined after a very
simple filtering process. Although techniques visually seem si-
milar, results of studies using IMUs indicate that swimmers
draw quite different acceleration profiles from each other even
when swimming the same technique.

From this point of view, it has been tried to choose the
points that can easily be seen in the acceleration data as the
beginning and end of the arm-stroke and kicking cycles, which
are not greatly affected by the technique of the swimmer and
previously defined in the literature. In our study, we chose the
peaks formed during the entry of the hand into the water as the
starting and ending points of the arm-stroke cycle of the but-
terfly and freestyle. Although it is quite easy to distinguish these
peaks in the freestyle and butterfly due to the peaks, it may be
a bit difficult to distinguish the peak that occurs during the entry
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of the hand in the backstroke. For this reason, the peak that oc-
curs when the IMU changes orientation during pronation of the
hand, which we clearly observed in the data of all participants,
was given as an alternative to the entry of the hand in the
backstroke arm-stroke acceleration graph.

There are studies in the literature reporting that the arm-
stroke and kicking cycle durations calculated from the data ob-
tained by the two measurement methods are not statistically
different from each other (Callaway, 2015; Stamm, James &
Thiel, 2013). In addition, inspiring results were obtained in trials
with a combination of different measurement tools such as
GPS+Accelerometer (Beanland, Main, Aisbett, Gastin & Netto,
2014). It is seen that advanced techniques such as neural
networks and deep learning have started to be used in recent
scientific study examples that include IMUs. By using these
techniques, the recognition of the techniques and the phases of
the techniques has become possible with high accuracy
(TaraseviCius & Serackis, 2020; Worsey et al., 2021). Although
all these studies have made very valuable contributions to the
field, the fact that the algorithms and stages used in the process
of reaching the result are very difficult to implement by the co-
aches working in the field prevents the widespread use of IMUs.
It seems that it will take some time for devices using algorithms
such as neural networks or deep learning to be released with an
interface that can be easily used by coaches, without the need
for specialized software.
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Conclusion

Our research shows that accelerometer data alone without fu-

sion with other sensors or processed with complex algorithms
and the need for bulky video-based analysis systems can be

used practically in swimming by coaches for timing, counting
strokes, identification and measurement of time durations of

various intervals, periods and phases.
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